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Abstract
As AI and web agents become pervasive in decision-making, it is

critical to design intelligent systems that not only support sustain-

ability efforts but also guard against misinformation. Greenwashing,

i.e., misleading corporate sustainability claims, poses a major chal-

lenge to environmental progress. To address this challenge, we

introduce EmeraldMind, a fact-centric framework integrating a

domain-specific knowledge graph with retrieval-augmented gen-

eration to automate greenwashing detection. EmeraldMind builds

the EmeraldGraph from diverse corporate ESG (environmental, so-

cial, and governance) reports, surfacing verifiable evidence, often

missing in generic knowledge bases, and supporting large language

models in claim assessment. The framework delivers justification-

centric classifications, presenting transparent, evidence-backed ver-

dicts and abstaining responsibly when claims cannot be verified.

Experiments on a new greenwashing claims dataset demonstrate

that EmeraldMind achieves competitive accuracy, greater cover-

age, and superior explanation quality compared to generic LLMs,

without the need for fine-tuning or retraining.

CCS Concepts
• Computing methodologies→ Knowledge representation
and reasoning; • Information systems→ Information retrieval.
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1 Introduction
Greenwashing refers to the corporate practice of conveying a mis-

leading impression of environmental responsibility through ad-

vertisements, statements across media channels, and traditional

communication platforms. Common examples include presenting

regulatory compliance as a product’s environmental benefit, or

advertising green claims to entire products when they pertain only

to specific parts or aspects. Greenwashing misleads consumers

and investors with false sustainability claims, undermining trust,

hindering genuine environmental efforts, and allowing harmful

practices to persist while delaying urgent action on climate change.

Journalists assess potential greenwashing by seeking evidence

in regulatory records from authorities such as the Advertising Stan-

dards Authority (ASA) or corporate Environmental, Social, and

Governance (ESG) reports. ESG reports are published annually

by organizations to disclose their performance and practices via

standardized, non-financial metrics, i.e., key performance indica-

tors (KPIs). KPIs are defined by the European Union’s Sustainable
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Finance Disclosure Regulation and Corporate Sustainability Re-

porting Directive. Monitoring these metrics and cross-checking

them against other corporate information, such as advertising cam-

paigns and news coverage, can uncover inconsistencies, including

environmental impacts that are inaccurately reported or overstated.

Greenwashing detection represents a specialized subset of fact-

checking research, presenting some unique challenges when re-

alized through automated retrieval-augmented generation (RAG)

pipelines. The first refers to the extraction and modeling of domain-

specific information that can be used in automated verification

pipelines [1, 14, 18]. Traditional fact-checking pipelines relying on

generic sources, such as scholarly literature or general web informa-

tion, often lack the specialized evidence required for sustainability

claims, like emissions KPIs. This data gap results in incomplete or

misleading verification results [20, 35]. Thus, greenwashing detec-
tion demands tailored retrieval and processing of multimodal content
from specialized knowledge sources like ESG reports and regulatory
records beyond general repositories.

Second, the design space of RAG pipelines can be vast, with sys-

tems sourcing and combining information from diverse repositories

(e.g., internal knowledge bases, web data, ESG reports). This leads

to highly variable outputs that depend heavily on retrieval quality

and prompting strategies, with sensitivities further amplified by

ambiguous greenwashing definitions [3]. In high-stakes domains

like sustainability, binary labels are insufficient; models must pro-
vide evidence-backed justifications to ensure trust and accountability
among stakeholders [20, 29, 30, 38]. Accuracy-focused evaluation

can be misleading, as high scores can hide excessive abstentions, i.e.,

cases where the system does not make a judgment, or ungrounded

guesses, both of which obscure the system’s reasoning and limit

practical adoption. For real-world use, RAG-based systems must

maintain high coverage, balancing accuracy with evidence-backed

assessments. Consequently, the challenge lies in designing a suit-

able RAG pipeline that maximizes the number of claims assessed
with well-supported, evidence-based justifications, while minimizing
unsupported predictions and abstentions.

Third, a major obstacle for greenwashing detection remains the

scarcity of annotated datasets [3]. The lack of high-quality anno-

tations limits reliable model evaluation and constrains domain-

specific fine-tuning shown to improve performance [22]. These

tasks require substantial annotated data, which is costly, time-

intensive to create, and demands significant expertise. This lim-
itation underscores the need for benchmarks that enable scalable
evaluation and fine-tuning of greenwashing detection models through
annotated sustainability claims.

To address the above challenges, we propose EmeraldMind, a
domain-specific RAG framework for greenwashing detection. Given

a textual sustainability claim, EmeraldMind determines whether it

constitutes greenwashing and provides a fact-based justification, or

abstains when evidence is insufficient. Specifically, EmeraldMind
analyzes ESG claims by integrating corporate ESG reports and KPI

definitions to ground LLM reasoning in evidence-based verdicts.

Our framework is built on two complementary custom sustainabil-

ity knowledge stores: the EmeraldGraph that captures ESG-specific

entities and relations, as extracted from ESG reports, KPI defini-

tions [8], and widely known greenwashing claim examples, and the

EmeraldDB that captures raw ESG text. The two stores are coupled

with tailored retrieval mechanisms to gather relevant evidence for

each claim. By grounding Large Language Model (LLM) reasoning

in this domain-specific knowledge, our system produces a verdict

plus an evidence-backed justification, or abstains when insufficient

facts exist, enabling auditable outputs that address accuracy-only

evaluation limitations. To evaluate our framework, we propose a

semi-synthetic data benchmark named EmeraldData, which can

also be used to fine-tune other models. To the best of our knowledge,

this is the first work to propose an end-to-end knowledge-based
retrieval-augmented generation framework for greenwashing detec-
tion. Our key contributions can be summarized as follows.

(1) EmeraldMind framework: We introduce a domain-specific,

knowledge-based, and abstention-aware RAG pipeline. Given a

sustainability claim, EmeraldMind produces a verdict (greenwash-
ing, not greenwashing, or abstain) along with a natural-language

justification grounded in retrieved evidence.

(2) EmeraldGraphknowledge graph:Wedevelop a structured

sustainability knowledge graph centered on company-specific ESG

entities and relations. Our retrieval algorithm prioritizes critical

entities such as companies and KPIs to ensure that relevant context

is extracted for responsible reasoning and precise claim evaluation.

(3) EmeraldData benchmark: We release a novel evaluation

dataset for greenwashing detection, comprising 620 semi-synthetic

corporate sustainability claims, each paired with a ground-truth

label. This benchmark facilitates transparent evaluation and com-

parative testing of greenwashing detection systems.

(4) Experimental evaluation: We conduct a thorough experi-

mental evaluation comparing EmeraldMind’s variants, demonstrat-

ing superior performance and emphasizing the critical role of justi-

fication quality in greenwashing detection evaluation.

The paper structure is: Section 2 reviews related work; Section 3

provides the EmeraldMind framework overview; Section 4 details

the evidence stores construction; Section 5 describes retrieval and

reasoning variants; Section 6 introduces the EmeraldData bench-
mark, followed by experimental results and justification analysis

in Section 7. Finally, Section 8 concludes and outlines future work.

2 Related Work
Fact-Checking and Greenwashing Detection with LLMs. Au-
tomated fact-checking systems often rely on structured resources to

ground verification and produce explanations; yet, LLMs still trail

human experts in fact-checking accuracy [4]. Specialized models

fine-tuned on domain-specific data yield the best performance [22];

however, their success hinges on the availability of substantial

annotated datasets, which are prohibitively expensive and time-

consuming to produce, demanding significant domain expertise.

To mitigate this, synthetic data generation methods [23, 37], and

frameworks like UNOWN [2] have emerged to automate dataset cre-

ation at scale across textual and tabular modalities. In the environ-

mental domain, greenwashing detection presents additional chal-

lenges due to ambiguous definitions and data scarcity [3]. Recent

work has explored the use of machine learning and LLMs to evaluate

ESG-related statements [3]. For example, the ESGenius benchmark

provides structured reasoning datasets for evaluating environmen-

tal question-answering performance of LLMs [15], while GLIT-

TER [1] employs RAG to cross-reference corporate disclosures with
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external data, evaluating the consistency between self-reported

narratives and external ESG ratings. These efforts underline the

potential of LLM-driven reasoning to identify deceptive sustain-

ability narratives, but they lack explicit grounding in a structured

ESG knowledge context.

To the best of our knowledge, GreenClaims [11], introduced by

Fornasiero [10], is the only available dataset specifically for green-

washing detection. It contains third-party verified cases derived

from reputable news sources and regulatory records like the ASA.

However, its small size limits broader applicability, necessitating

expanded and continuously updated datasets [3].

Knowledge Graphs (KGs) and RAG for ESG Fact-Checking.
The hallucination problem in LLM outputs motivated the integra-

tion of retrieval-augmented generation (RAG) methods, where rele-

vant external evidence is incorporated into LLM prompts to improve

factual accuracy [30]. By retrieving relevant evidence before gener-

ation, RAG systems strengthen verification-oriented tasks. Environ-

mental domain examples include ChatReport [25] and ChatClimate

[33], which incorporate ESG-specific retrieval and summarization

for sustainability news and corporate reports. These pipelines, how-

ever, primarily focus on open-ended question answering rather

than greenwashing claim verification.

Building on these foundations, KG-based RAG solutions inte-

grate entity-level reasoning into retrieval and generation, improv-

ing factual precision and interpretability over generic text retrieval

approaches. [14] for instance, uses RAG for question answering

from news articles. However, none of the ESG-specific methods cur-

rently provides an end-to-end pipeline for greenwashing detection

in sustainability claims.

Automatic and semi-structured KG construction remains an ac-

tive research direction [5, 41]. In the ESG domains, several struc-

tured ontologies and knowledge graphs have been developed. Onto-

Sustain [32, 43] formalizes corporate sustainability concepts around

Global Reporting Initiative (GRI) indicators, while KnowUREnvi-

ronment [16] and SustainGraph [12] integrate environmental and

Sustainable Development Goals related entities into comprehensive

graphs. Other efforts, such as RSOKG [42] and ESGOnt [34], unify

standards across the GRI and the European Sustainability Reporting

Standards (ESRS), reinforcing the value of structured sustainabil-

ity indicators. Despite their value, these ontologies have not been

incorporated into end-to-end greenwashing detection pipelines.

3 The EmeraldMind Framework
In this section, we present an overview of the EmeraldMind frame-

work. EmeraldMind is a domain-specific knowledge-graph RAG-

based framework for sustainability claim verification and green-

washing detection. Given an input claim, EmeraldMind assesses

its veracity and decides whether it constitutes greenwashing. Sus-

tainability claims are often vague or self-declarative and cannot be

reliably validated using the language model’s internal knowledge

alone. Consequently, to produce verdicts that are both evidence-

based and explainable, EmeraldMind grounds its decisions in an

external ESG-based context rather than relying solely on the LLM’s

latent knowledge.

EmeraldMind adopts a two-stage architecture that explicitly sep-
arates the construction of evidence from its use in reasoning (see

Claim

EmeraldGraph EmeraldDB

Classification &
Justification

Schema Extraction

Claim 
Collection

Knowledge-powered
Reasoning

KPI 
Definitions

Knowledge Population

ESG 
Reports

Information Extraction

Figure 1: EmeraldMind Framework

Figure 1). The Evidence Stores construction phase (presented
in Section 4) serves a critical role: it transforms unstructured multi-

modal ESG reports into both structured, queryable representations

and vectorized natural language chunks. This phase normalizes

heterogeneous content, induces a semi-automatically derived KPI

sub-schema, and constructs two complementary stores: Emerald-
Graph, a property graph encoding ESG entities and relations, and

EmeraldDB, a document repository that preserves textual context

and provenance metadata. Together, they constitute the verifiable

EmeraldMind Evidence Stores.

During theKnowledge-powered Reasoning phase (presented
in Section 5), the framework receives a user-provided claim and

operates over the preconstructed evidence stores. By grounding the

claim in EmeraldGraph and retrieving semantically related chunks

from EmeraldDB, we create the context to support the reasoning.
The final classification module delivers a verdict, classifying the

claim as greenwashing or not, or abstains if the evidence is incon-

clusive. In all cases, the system generates a concise justification

grounded in the retrieved facts.

4 EmeraldMind Evidence Stores
In this section, we detail the construction of the evidence stores,

which comprise the EmeraldDB document store and the Emerald-
Graph knowledge graph.

EmeraldDB. EmeraldDB is a vectorized document store that helps

retrieve relevant information to support reasoning. Each ESG report

is broken down into smaller sections, and key metadata for these

sections, such as the report name, the referenced company, year, and

page, are stored in EmeraldDB so they can be efficiently accessed

when needed.

EmeraldGraph. EmeraldGraph is a domain-specific knowledge

graph. It offers the following features: (1) it captures ESG data

(e.g., facility-level emissions) that are typically absent from generic

knowledge graphs, (2) it enforces structural clarity by distinguish-

ing semantically similar but logically distinct entities (e.g., targets vs.

actual performance), and (3) it improves auditability by grounding

verdicts in explicit reasoning paths (e.g., Company→ reportsKPI)
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rather than opaque LLM justifications. EmeraldGraph is defined as

a labeled property graph 𝐺 = (𝑉 , 𝐸,𝑇 , 𝑆, 𝐿,A, 𝜏, 𝑝), where:

• 𝑉 is the set of nodes, each representing a real-world entity

mentioned in an ESG report (e.g., a company, facility, KPI observa-

tion, sustainability goal, etc.).

• 𝑇 is a finite set of entity types (node labels) used in the graph

schema (e.g., Company,Facility,KPIObservation, etc.).
• 𝜏 : 𝑉 → 𝑇 is the function associating every node 𝑣 ∈ 𝑉 with

its entity type 𝜏 (𝑣) ∈ 𝑇 . For example, 𝜏 (𝑣) = Facility if 𝑣 represents

a plant.

• 𝐿 is the set of relationship types (edge labels).

• 𝐸 ⊆ 𝑉 × 𝐿 ×𝑉 is the set of directed labeled edges (𝑢, ℓ, 𝑣) rep-
resenting facts, e.g., (ACME, reportsKPI, EmissionObservation).
• 𝑆 ⊆ 𝑇 × 𝐿 ×𝑇 is the domain schema, i.e., the set of allowable

typed relationships. For example, (𝐹𝑎𝑐𝑖𝑙𝑖𝑡𝑦, 𝑙𝑜𝑐𝑎𝑡𝑒𝑑𝐼𝑛, 𝐿𝑜𝑐𝑎𝑡𝑖𝑜𝑛) ∈
𝑆 constrains the graph construction.

• A is the set of key–value (properties) pairs. For example,

KPIObservation: {value, unit, year}).
• 𝑝 : 𝑉 ∪ 𝐸 → A maps each node/edge to its properties (e.g.,

𝑝 (𝑣) = {𝑣𝑎𝑙𝑢𝑒 : 2300, 𝑢𝑛𝑖𝑡 : 𝑡𝐶𝑂2𝑒,𝑦𝑒𝑎𝑟 : 2025}).

The construction of 𝐺 requires (1) assigning each node 𝑣 a type

𝜏 (𝑣) ∈ 𝑇 and (2) attaching its properties 𝑝 (𝑣). A central challenge

is ensuring schema consistency. Every extracted fact (𝑢, ℓ, 𝑣) must

satisfy three constraints: (i) the typed relationship must conform

to 𝑆 (i.e., 𝜏 (𝑢) ℓ−→ 𝜏 (𝑣)), (ii) the resulting edge (𝑢, ℓ, 𝑣) must belong

to 𝐸, and (iii) all properties in 𝑝 must satisfy type constraints (e.g.,

numeric fields for KPIObservation nodes).

To construct these stores from ESG reports, KPI definitions, and

claim collections, we execute the following stages: (1) Information

Extraction, which extracts parsed text from the reports, (2) Schema

Extraction, which induces a domain schema 𝑇 for ESG concepts,

(3) Knowledge Population that populates the evidence stores into

the complementary architectures of the EmeraldDB and the Emer-
aldGraph.

Information Extraction. It processes raw ESG reports into parsed

documents used by EmeraldGraph and EmeraldDB. Corporate ESG
reports are highly multimodal: narrative text, tables, charts, and

figures all carry quantitative information. The main challenge is to

extract the full semantic content without losing context [1, 44].

We employ a two-channel information extraction pipeline that

processes textual and multimodal content separately, as shown

in Figure 2. The text channel uses a PDF parser (PyMuPDF [28])

to extract paragraphs, headings, footnotes, metadata, and tables.

The multimodal channel renders each page as an image and uses

a vision-language model to recover semantic content from charts,

figures, and tables, including structured fields (series, axes, units),

captions, and descriptive context that would otherwise be lost.

We reconcile outputs from both channels through alignment and

deduplication, retaining both text and structured representations.

For each report, we produce a parsed representation consisting

of text spans, normalized tables, and chart or figure descriptions

with associated metadata. EmeraldDB stores these spans as retrieval

passages, forming a document store for semantic retrieval. Emerald-
Graph consumes the same parsed structures as input to downstream

PDF Text
Parser

Image
Extractor

Data
Cleansing

Text

Image

Description Generation

ESG
Reports Parsed ESG

Reports

Text

Figure 2: Information Extraction

Parsed ESG
Reports

KG SchemaClaim
Collection

Intermediate
Schemas

Schema
Induction

Schema 
Merging

Claim
Schema

ESG Report
Schemas

KPI Definitions

Figure 3: Schema Extraction

schema extraction and knowledge population, where typed entities

and relations are constructed.

Schema Extraction. It synthesizes a domain-specific schema 𝑆

that constrains all entities and relations in EmeraldGraph. 𝑆 defines

the allowed entity types, relation labels, and attribute domains; for

instance, a Facility node can only be linked to a Location node

via a locatedIn relation. The primary challenge in schema design

lies in balancing expressivity and restriction. The schema must

accommodate structurally heterogeneous and semantically incon-

sistent ESG reports (where, e.g., KPIs often vary in labels, units, and

layouts), while preventing invalid entities or relations (arising, e.g.,

from confusing targets, baselines, and actual performance metrics).

The schema 𝑆 is synthesized from three sources as depicted in

Figure 3: (i) data-driven patterns observed in the parsed ESG cor-

pus, yielding a merged schema 𝑆data of frequent entity–relation

configurations induced from each report, (ii) a regulatory sub-

schema 𝑆reg of key performance indicators derived from official

standards, and (iii) a claim-driven schema 𝑆claim constructed from

known greenwashing examples by abstracting common claim pat-

terns. These partial schemas are merged into a unified schema 𝑆 =

𝑆data∪𝑆reg∪𝑆claim that specifies allowed entity types (e.g., Company,
Facility, KPIObservation, SustainabilityClaim) and relation

types (e.g., reportsKPI, setsGoal) along with their attribute do-

mains. One key design choice is a company-centered schema, where

a single Organization node anchors all entities and relations for

each company, normalizing heterogeneous disclosures around a

consistent corporate identity. For example, all emission reports by

Company X attach to that Organization node, ensuring structural
clarity. This schema-based modeling enables efficient context re-

trieval, constrains inference to valid schema patterns for company-

centered claims, and supports explainable evidence trails.

Knowledge Population. Using the parsed reports and extracted

schema, we instantiate the EmeraldDB and EmeraldGraph stores

with actual data from reports as depicted in Figure 4. To popu-

late the EmeraldDB, each report is segmented into chunks 𝑑𝑖 , and
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Figure 5: EmeraldGraph snippet centered on an anonymized
company. Node types in the EmeraldGraph knowledge graph
are color-coded as follows: Initiative, Location, Material,
Product, Goal, Sustainability Claim, Organization, Facility,
KPIObservation.

an embedding is computed for each. We store for each chunk:

𝑑𝑖=(embedding, reportID, company, year, chunkID, page_number).
Chunks have a 250-token size, with a 50-token overlap to preserve

contextual meaning, while enabling effective reasoning.

To populate the EmeraldGraph, report content is mapped to

entities and relations defined by schema 𝑆 . To address extraction

accuracy and ensure entity uniqueness (e.g., resolving “ABC Corp.”

vs. “ABC Corporation”), we map noisy document mentions to

schema-typed entities and relations. We further employ embedding-

blocking [17, 21, 27, 36] to prevent duplicate ormisaligned segments,

ensuring each real-world entity corresponds to a single node. For

each parsed ESG report, an LLM extracts candidate triples (𝑢, ℓ, 𝑣).
A candidate triple (𝑢, ℓ, 𝑣) is only admitted if its type is valid against

the schema 𝑆 under 𝜏 (𝑢) ℓ−→ 𝜏 (𝑣). Figure 5 shows a real-world snip-

pet from EmeraldGraph centered on an anonymized company.

5 Knowledge-powered Reasoning
In this section, we present the Knowledge-powered Reasoning

phase (Figure 6), evaluating a textual sustainability claim 𝑐 (e.g.,

“Company X reduced its CO2 emissions by 30% in 2023”) using ev-

idence from EmeraldGraph and EmeraldDB. We consider three

pipeline configurations: EM-KGRAG, which uses only graph evidence

𝐻 from EmeraldGraph; EM-RAG, which uses only document chunks

{𝑑𝑖 } from EmeraldDB; and EM-HYBRID, which uses as context the

justifications produced by EM-KGRAG and EM-RAG.

Claim Grounding. Given a claim 𝑐 , claim grounding identifies

the target company and parses 𝑐 for other key elements: KPIs,

Claim

Retriever

EmeraldGraph

Claim
Grounding

Claim Verification

EM-KGRAG

EM-RAGEmeraldDB

LLM-as-a-
judge

Classification &
Justification

text

text context

subgraph

context

EM-KGRAG

EM-RAG

EM-HYBRID

EM-HYBRID

Retriever

                                 

                                 

Figure 6: Knowledge-powered Reasoning

numeric values, policy mentions, and goals. Then, it retrieves the

Organization node 𝑣company ∈ 𝑉 from EmeraldGraph that represents
the identified company, and grounds the other key elements by

mapping them to nodes 𝑣 ∈ 𝑉 of corresponding types 𝜏 (𝑣) ∈ 𝑇 in

the graph. Each extracted element is mapped to a schema type in

𝑆 (e.g. KPIObservation, Policy, Goal) and the node’s attributes

are populated using the property function 𝑝 . For example, in the

claim “Company X reduced its CO2 emissions by 30% in 2023”, we
would link “Company X” to the 𝑣𝑐𝑜𝑚𝑝𝑎𝑛𝑦 , and resolve the “30%”

emission into a new node 𝑣𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 connected to 𝑣𝑐𝑜𝑚𝑝𝑎𝑛𝑦 , where

𝜏 (𝑣𝑜𝑏𝑠 ) = KPIObservation, and 𝑝 (𝑣𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛) = {value : 30, unit :

%, year : 2023}. Claim grounding outputs the resolved 𝑣𝑐𝑜𝑚𝑝𝑎𝑛𝑦

node and a node set 𝑉𝑐𝑙𝑎𝑖𝑚 of the key-elements defined by their

specific types 𝜏 and property maps 𝑝 .

We identify two key challenges in claim grounding. First is its

linguistic variability and ambiguity. Sustainability claims often

use imprecise language (e.g., “net-zero” vs. a concrete target, or

“our emissions” without a unit or year) and industry-specific ter-

minology. For example, the term “flaring” must be recognized as

“burning gas” and thus “CO2 emissions”; otherwise, the system

might store it as a SafetyIncident instead of an EmissionObser-

vation. Mapping such phrases to precise schema types requires

robust LLM-based parsing. We therefore employ a schema-based

retrieval algorithm that restricts retrieval to the types explicitly

referenced in the claim, focusing reasoning on concrete entities

and avoiding unrelated graph regions. Second, the claims do not

necessarily include KPI elements, which are imperative for the re-

trieval of quantifiable evidence. To mitigate this, we augment the

claim-extracted node set 𝑉claim by adding a KPIObservation node

𝑢 with 𝜏 (𝑢) = KPIObservation (initialized from the claim text)

to ensure the retrieval algorithm always queries KPIObservation

nodes, even for implicit KPI mentions.

Schema-Based Context Retrieval. Schema-based context re-

trieval extracts graph-based context from EmeraldGraph, which
is used for reasoning. A key challenge is extracting a compact,

claim-specific evidence subgraph. Naïve neighborhood expansion

around 𝑣company either floods the context with loosely related nodes

or omits multi-hop facts critical for greenwashing detection (e.g.,

links to nodes topologically deeper in the graph, such as Material).

Schema-based context retrieval addresses this challenge through

the following approach: Using the grounded company node 𝑣company

and the set of schema types {𝜏 𝑗 } identified in claim 𝑐 , we construct
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Algorithm 1 Schema-driven Context Retrieval

Input: 𝑣𝑐𝑜𝑚𝑝𝑎𝑛𝑦 (organization node ID), V𝑐𝑙𝑎𝑖𝑚 (nodes extracted from

claim grounding), 𝑡𝑜𝑝_𝑛 (no. retrieved nodes per type), 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

(similarity threshold), 𝑘 (max path length in hops)

Output: 𝐻 (subgraph with retrieved nodes and edges)

1: 𝐻 ← ∅
2: for all 𝑣 ∈ 𝑉𝑐𝑙𝑎𝑖𝑚 do
3: 𝑉𝑟 ← Retrieve(𝑣𝑐𝑜𝑚𝑝𝑎𝑛𝑦, 𝜏 (𝑣), 𝑘 ) ⊲ Collect all nodes of the

specified type within company’s k-hop neighborhood

4: 𝑉𝑠𝑖𝑚 ← ∅ ⊲ Nodes that pass the similarity threshold

5: for all 𝑢 in𝑉𝑟 do ⊲ Compute similarities and select top-n nodes

6: 𝑠𝑖𝑚 ← CosSim(Embedding(𝑣), Embedding(𝑢 ) )
7: if 𝑠𝑖𝑚 ≥ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 then
8: 𝑉𝑠𝑖𝑚 ← 𝑉𝑠𝑖𝑚 ∪ { (𝑢, 𝑠𝑖𝑚) }
9: end if
10: end for
11: 𝑉𝑡𝑛 ← TopN(Sort(𝑉𝑠𝑖𝑚 ), 𝑡𝑜𝑝_𝑛) ⊲ Top-n most similar nodes

12: for all 𝑢 ∈ 𝑉𝑡𝑛 do ⊲ Compute the shortest paths for top-n nodes

13: 𝑝𝑎𝑡ℎ ← ShortestPath(𝑣𝑐𝑜𝑚𝑝𝑎𝑛𝑦,𝑢)

14: 𝐻 ← 𝐻 ∪ {𝑝𝑎𝑡ℎ}
15: end for
16: end for
17: return 𝐻

an evidence subgraph 𝐻 ⊆ 𝐺 . Algorithm 1 performs, for each type

𝜏 𝑗 , a breadth-first search from 𝑣company up to 𝑘 hops, collecting all

nodes of type 𝜏 𝑗 . It then ranks these candidates by cosine similarity

between their node embeddings and the corresponding key ele-

ments found in the claim and keeps the top-𝑛 most similar nodes

per type above a threshold. For each selected node 𝑣 , we compute

the shortest path 𝑃 (𝑣company, 𝑣) and add all nodes and edges on these
paths to 𝐻 . The resulting context subgraph consists of reasoning

paths rather than isolated facts.

Document Retrieval. Document retrieval retrieves textual evi-

dence from EmeraldDB. Using the company name extracted from

the claim, we use the identifier 𝑐𝑜𝑚𝑝𝑎𝑛𝑦 to limit our search to

relevant chunks within the document store. We compute the em-

bedding of the claim 𝑐 and return the top-𝑚 chunks based on cosine

similarity. Restricting to the target company avoids irrelevant doc-

uments and ensures that retrieved chunks are contextually aligned

with the claim, improving factual grounding.

Classification and Justification. In EM-KGRAG and EM-RAG vari-
ants, the claim 𝑐 and its corresponding context are fed into a

prompted LLM, which performs contextual reasoning to produce

the final verdict (Greenwashing, Not Greenwashing, Abstain)

and a factual justification for the classification label. The EM-HYBRID
variant adopts an LLM-as-a-judge setup: given the claim and the

two (label, justification) pairs from EM-RAG and EM-KGRAG, a verifier
LLM selects the better-supported explanation and outputs its label

and justification.

6 The EmeraldData Benchmark
A fundamental limitation of existing research on greenwashing is

the absence of large-scale annotated real-world benchmarks con-

taining verified instances of greenwashing [3]. Several factors con-

tribute to this scarcity, including the vagueness of greenwashing

Table 1: Summary of the datasets used in the experimental
evaluation with G as the number of Greenwashing and NG
as the number of Not Greenwashing.

Dataset No. Claims G NG

GreenClaims 51 24 (47%) 27 (53%)

EmeraldData 620 225 (36%) 395 (64%)

definitions, context-sensitive claims, annotation complexity requir-

ing domain expertise, and legal and reputational implications of

labeling corporate claims as deceptive.

To the best of our knowledge, the only relevant publicly avail-

able greenwashing detection dataset is GreenClaims [11]. It con-
tains only a limited number of 91 claim samples, from which only

51 were usable in our evaluation due to the availability of corre-

sponding ESG reports. To overcome this limitation, we introduce

EmeraldData, a larger semi-synthetic dataset (620 instances), con-

structed via a four-stage pipeline inspired by [2, 26, 37]. First, we

used the smaller GreenClaims benchmark to extract 37 (company,

year) unique pairs. These allow us to align claims with the ESG

reports used for the creation of EmeraldMind Evidence Stores. Sec-

ond, we collect relevant articles from reliable news sites that cover

topics including, but not limited to, greenwashing, sustainability

news, ESG news, company news related to various ESG goals, and

any accusations or litigation that a company may face. We filter

them by (company, year) pairs as defined in the first step, ensuring

contextual relevance. Third, we prompt an LLM with article meta-

data to generate both truthful (non-greenwashing) and refuting

(greenwashing) claims, yielding 620 candidate instances. Finally, the

samemodel assigns a label to each claim and produces a brief textual

justification anchored to the source article, enabling transparent,

article-grounded evaluation. Table 1 summarizes the datasets.

7 Experimental Evaluation
7.1 Experimental Setup
We evaluated all EmeraldMind variants: EM-RAG, EM-KGRAG, and
EM-HYBRID, benchmarked against a baseline LLM relying solely

on internal knowledge under two prompt configurations. The first

(zero-shot prompt) uses only claim text and greenwashing defini-

tions from the EU Green Claims Directive [6]. The second (few-shot

prompt) adds few-shot examples found in [3]. This comparison

demonstrates how domain-specific evidence improves trustwor-

thiness over generic learned patterns, aligning with responsible

AI principles. Evaluation metrics include classification accuracy,

coverage, and justification quality.

All code, prompts, and benchmarks are publicly available in:

https://github.com/ai4greenwashing/EmeraldMind. Retrieval

hyperparameters are in the Appendix Table 6. Experiments were

conducted on a system equipped with an NVIDIA RTX A6000 GPU

with dual AMD EPYC 9335 32-core processors and 128 GB RAM, us-

ing gemma-27b-it for inference, prometheus-13b-v1.0 for ILORA
evaluation, and for ranking / hybrid judging prometheus-7b-v2.0.
Prometheus [19] is an open-source evaluator LLM designed for

reproducible, fine-grained assessment as a practical alternative to

human evaluation.

https://github.com/ai4greenwashing/EmeraldMind
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Table 2: EmeraldGraph Statistics

Graph Metrics Centrality by Node Type

Metric Value Node Type Avg. Degree

No. of Entities 53,748 Organization 17.95

No. of Relationships 59,344 Country 6.40

Avg. Total Degree 2.21 Location 3.43

Avg. Shortest Path Length 4.58 Facility 2.63

Diameter 15 Material 1.77

Table 3: Top-5 Entity and Relationship Types by Frequency

Top-5 Entities Top-5 Relationships

Entity Type Count Relation Type Count

KPIObservation 24,809 reportsKPI 24,832

Initiative 4,060 takesPartIn 4,388

SustainabilityClaim 3,458 setsGoal 3,475

Goal 3,414 claims 3,446

Organization 3,020 locatedIn 3,396

7.2 EmeraldGraph Knowledge Graph
We constructed EmeraldGraph using the pipeline described in Sec-

tion 4, extracting structured facts from 37 publicly available ESG

reports. Table 2 shows that EmeraldGraph is a sparse, company-

centered graph. The 53,748 entities and 59,344 relationships indicate

low edge density and predominantly small local neighborhoods.

The centrality statistics by node type reveal that Organization

nodes (companies) act as high-degree hubs in a core-periphery

topology, inducing star-like networks centered on companies.

Table 3 highlights how the graph density is concentrated on KPI-

and claim-related structure. KPIObservation accounts for 24,809

nodes, which is approximately 46% of all entities, and reportsKPI
for 24,832 edges, which is approximately 42% of all relationships.

This implies dense connectivity between the two entity types. The

remaining frequent entity types define the dominant local motifs

around each company, capturing performance reporting, goal set-

ting, initiatives, and geographic scope. Overall, the degree distribu-

tion and type frequencies confirm that EmeraldGraph allocates most

of its structural capacity to modeling company-centric KPI observa-

tions, claims, and goals, which are precisely the regions exploited

by our schema-based retrieval algorithm. The entire EmeraldGraph
schema is available in the Appendix Figure 8.

7.3 Experimental Results
Classification Performance. To evaluate EmeraldMind, we re-
port accuracy (correct/answered), coverage (answered/total), and

overall accuracy (accuracy × coverage), revealing both performance

and selectivity. Overall accuracy penalizes excessive abstentions

while rewarding correct predictions on verifiable claims for practi-

cal utility. Table 4 summarizes these performance metrics across

both evaluation datasets.

EmeraldMind variants substantially outperform the baseline in

coverage across both datasets, achieving 2-4 times higher rates (49-

77% vs. 19-31%) while maintaining competitive accuracy (77-93%

vs. 93-100%). Overall accuracy, accounting for abstentions, shows

that EM-HYBRID achieves the highest effective performance (up to

70.59% on GreenClaims few-shot), as it leverages LLM-as-a-judge

pairwise comparison to select superior justifications from EM-RAG
and EM-KGRAG, suggesting that a good quality justification leads

to more accurate classification. Few-shot prompting consistently

boosts the coverage of the EmeraldMind pipelines compared to zero-

shot, though baseline coverage remains stagnant or declines. This

confirms RAG-based reasoning benefits from example-guided rea-

soning, reducing abstentions. On the smaller GreenClaims dataset

(51 claims), EM-KGRAG excels with the highest zero-shot accuracy

(93.55%) and few-shot overall accuracy (68.63%). Conversely, EM-RAG
dominates the larger EmeraldData (620 claims) with superior cover-

age (62-77%) and overall accuracy (55-62%). EM-HYBRID maximizes

performance in both by successfully combining the two variants’

performance strengths.

Justification Quality. The metrics in Table 4 do not fully cap-

ture the quality of reasoning behind the justification generation.

Prior research has shown that classification metrics do not assess

hallucination, factual consistency, or the soundness of model rea-

soning [7]. To address this, we follow approaches that incorporate

LLM-driven qualitative assessment [13]. We adopt an LLM-as-a-

judge paradigm [39] with two complementary evaluation strategies.

First, single answer grading (absolute LLM judge [31]), which scores

each EmeraldMind variant and baseline justification independently

based on established criteria. Second, pairwise comparison (rela-
tive LLM judge [31]), which compares justifications from EM-RAG,
EM-KGRAG, and the baseline directly. Since EM-HYBRID selects the

higher-ranked justification between EM-RAG and EM-KGRAG from

pairwise comparisons, we exclude it from this evaluation.

(1) Single Answer Grading. For the evaluation of the justifi-

cations, we use ILORA [40], an Explanation Quality Evaluation

Method employing a 5-point scale across five criteria, where 1 in-

dicates the lowest quality and 5 the highest: Informativeness
(I) - provision of new information, such as background or addi-

tional context; Logicality (L) - coherent reasoning process and

causal link to the outcome; Objectivity (O) - objectivity of the

answer and bias-free analysis; Readability (R) - grammatical cor-

rectness, structural clarity, and ease of comprehension; Accuracy
(A) - alignment with the true label and its accurate reflection of the

result. Figure 7 shows radar charts comparing ILORA scores across

prompt-pipeline combinations.

In both datasets, EM-RAG and EM-KGRAG consistently outperform

the baseline across all ILORA metrics. Few-shot prompting im-

proves explanation quality over zero-shot across all EmeraldMind
variations, while the baseline’s limited knowledge hampers its abil-

ity to provide factual explanations, leading to more abstentions

and lower quality. EM-HYBRID achieves the highest ILORA scores

across all criteria and datasets, under corresponding prompting

conditions, demonstrating coherence between individual scoring

and pairwise comparisons, as it selects the superior justification

between EM-RAG and EM-KGRAG.
Specifically, in the GreenClaim benchmark (average scores de-

picted in Figure 7(a)), EM-KGRAG excels in Objectivity and Accuracy

under the few-shot setting. Conversely, in the larger EmeraldData
benchmark (Figure 7(b)), EM-RAG outperforms EM-KGRAG across all
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Table 4: Classification performance across benchmarks, pipelines, and prompt variations. Overall Acc. measures correct
predictions across all claims. Accuracy and Coverage measure conditional performance on non-abstained claims.

Prompt Pipeline GreenClaims EmeraldData

Accuracy Coverage Overall Acc. No. Abstains Accuracy Coverage Overall Acc. No. Abstains

Zero-shot

Baseline 93.33% 29.41% 27.45% 36 94.21% 25.97% 24.52% 459

EM-RAG 82.14% 54.90% 45.1% 23 87.92% 62.74% 55.16% 231

EM-KGRAG 93.55% 60.78% 56.86% 20 92.51% 49.52% 45.81% 313

EM-HYBRID 89.47% 74.51% 66.67% 13 85.78% 68.06% 58.39% 198

Few-shot

Baseline 100.00% 31.37% 31.37% 35 94.21% 19.52% 18.39% 499

EM-RAG 77.14% 76.47% 52.94% 12 85.19% 69.68% 59.35% 188

EM-KGRAG 89.74% 76.47% 68.63% 12 88.03% 60.65% 53.39% 244

EM-HYBRID 92.31% 76.47% 70.59% 12 83.80 % 74.68% 62.58% 157
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Figure 7: ILORA scores for the different prompt-pipeline
combinations, highlighting performance on key metrics.

ILORA metrics, showcasing superior explanation quality under

both prompting conditions. The baseline consistently exhibits the

lowest performance, especially in Readability and Logicality. These

results confirm that few-shot prompting enhances reasoning depth

and explanation reliability across datasets and models.

(2) Pairwise Comparison. We conduct relative evaluation us-

ing a 3-way LLM-as-a-Judge instead of pairwise. Specifically, an

LLM ranks all three justifications (Baseline, EM-RAG, EM-KGRAG)
simultaneously under ILORA metrics. Table 5 presents the count

of first, second, and third place rankings for each pipeline across

dataset-prompt combinations using the relative judge paradigm

outputs. To derive an overall ranking, the Borda count [9] method

is applied, assigning 3 points for first place, 2 points for second,

and 1 point for third place. For all the dataset-prompt variation, the

resulting Borda scores (see Appendix Table 7) consistently yield

the ranking:

EM-RAG ≻ EM-KGRAG ≻ Baseline.

To assess the significance of differences across pipeline justifi-

cations, we conducted a Friedman test followed by Nemenyi post-

hoc analysis [24]. The Friedman test revealed a highly significant

difference across methods (𝑥2 = 1823.83, 𝑝 < 0.0001), rejecting

Table 5: Comparison of Baseline, RAG, andGraphRAG counts
grouped by dataset-prompt.

Dataset Prompt Pipeline 1st 2nd 3rd

Greenclaims

Zero-shot

Baseline 1 11 39

EM-RAG 38 13 0

EM-KGRAG 12 27 12

Few-shot

Baseline 0 1 50

EM-RAG 39 12 0

EM-KGRAG 12 38 1

EmeraldData

Zero-shot

Baseline 12 231 377

EM-RAG 553 62 5

EM-KGRAG 55 327 238

Few-shot

Baseline 13 21 586

EM-RAG 551 65 4

EM-KGRAG 56 534 30

the null hypothesis that all pipelines perform equally. Nemenyi

post-hoc tests confirmed all pairwise differences exceed the crit-

ical difference (CD=0.064), EM-RAG vs EM-KGRAG (|𝑅 | = 0.982 >

CD), EM-RAG vs Baseline (|𝑅 | = 1.638 > CD), and EM-KGRAG vs

Baseline (|𝑅 | = 0.656 > CD).

8 Conclusions and Future Work
We propose EmeraldMind, a domain-specific RAG-based green-

washing detection framework comprising three variants. EM-HYBRID
achieves the highest overall accuracy, combining EM-RAG’s broad
coverage with EM-KGRAG’s accuracy. Few-shot prompting improves

coverage without sacrificing accuracy, and domain-specific retrieval

substantially enhances selective prediction without accuracy trade-

offs. Future work should investigate how graph retrieval strategies

(e.g., hop limits, schema constraints, traversal heuristics) influence

performance and explore alternative hybrid methods for integrating

textual and graph evidence. Incorporating additional knowledge

sources, such as regulatory data and sustainability taxonomies,

could further enhance coverage and justification quality.
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A Appendix
Schema Visualization. An interactive version of Figure 3 is avail-

able on our GitHub repo (Download file and open from browser).

Retrieval Hyperparameters. The default hyperparameters are

summarized in Table 6.

Table 6: Default Hyperparameters for Retrieval

Pipeline Symbol Hyperparameter Value

EM-KGRAG
𝑡𝑜𝑝𝑛 No.nodes retrieved per type 3

𝜏 Similarity Threshold 0.2

𝑘 Max path length (hops) 3

EM-RAG 𝑡𝑜𝑝𝑚 No. chunks retrieved 8

Borda Scores. Table 7 presents the Borda scores derived from the

relative LLM judge for all dataset-prompt variations.

Table 7: Borda Scores

Dataset Prompt Baseline EM-RAG EM-KGRAG

Greenclaims
Zero-shot 64 140 102

Few-shot 52 141 113

EmeraldData
Zero-shot 875 1788 1057

Few-shot 667 1787 1266

1658 3856 2538
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Figure 8: EmeraldGraph Schema
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