
Proceedings of the 3rd Workshop on Natural Language Processing Meets Climate Change (ClimateNLP 2026), pages 298–314
October 28, 2026 ©2026 Association for Computational Linguistics

Can Vision-Language Models Assess Environmental Reporting
Compliance? A Benchmark for Requirement-Level Disclosure Alignment

Vaishali Aggarwal1, Ishan Verma1, Tanay Kumar Gupta1, Tirthankar Dasgupta2

1TCS Research, New Delhi, India
2TCS Research, Kolkata, India

{aggarwal.vaishali, ishan.verma, gupta.tanay, dasgupta.tirthankar}@tcs.com

Abstract

Corporate sustainability reports communicate
environmental disclosures through text, ta-
bles, charts, and infographics, making as-
sessment against sustainability reporting stan-
dards challenging. Existing disclosure extrac-
tion systems focus on information extraction
but do not determine whether disclosed evi-
dence satisfies reporting requirements. We
study requirement-level multimodal environ-
mental disclosure alignment, a task that eval-
uates whether sustainability report evidence
satisfies GRI 305 and ESRS E1-4 and E1-6
requirements. To support this task, we cu-
rate an expert-annotated benchmark compris-
ing 731 disclosure-alignment instances from
43 sustainability reports. Using this bench-
mark, we evaluate three Vision Language Mod-
els (VLMs): GPT, Gemini, and LLaMA Mav-
erick under three conditioning strategies: open-
ended, framework-specific, and knowledge-
augmented. Results show that although fron-
tier VLMs possess substantial implicit knowl-
edge of sustainability reporting standards, they
frequently produce overgeneralized and op-
timistic alignment judgments. Requirement-
level grounding improves alignment accuracy
by 12% and yields more accurate disclosure
gap identification. Our findings demonstrate
the value of knowledge-grounded multimodal
reasoning for scalable, interpretable, and au-
ditable sustainability disclosure assessment.

1 Introduction

Emission disclosures are a central component of
corporate sustainability reporting and are increas-
ingly scrutinized by regulators, investors, and au-
ditors (Aiuto et al., 2024). Organizations are ex-
pected to report emissions inventories, reduction
initiatives, and climate targets in accordance with
established sustainability reporting frameworks.
Assessing whether reported information aligns with
such frameworks, however, remains challenging

because evidence is often distributed across narra-
tive text, tables, charts, and infographics contained
within lengthy sustainability reports (Zhang et al.,
2025).

Figure 1: Example of requirement-level disclosure align-
ment showing supported and missing reporting require-
ments from multimodal report evidence.

To improve reporting consistency and compara-
bility, several sustainability frameworks have been
developed, including the Global Reporting Initia-
tive (GRI) and the European Sustainability Report-
ing Standards (ESRS) (Darnall et al., 2022). Al-
though these frameworks address similar environ-
mental topics, they differ substantially in reporting
philosophy and granularity (Usmanova et al., 2025).
While GRI primarily focuses on indicator level dis-
closures, ESRS requires detailed methodological
explanations, reporting boundaries, target-setting
approaches, and assurance-ready evidence. As a
result, determining whether a disclosure satisfies
framework specific requirements is a non-trivial
compliance task.

Recent advances in Large Language Models
(LLMs) have enabled increasing research on
the automated analysis of sustainability disclo-
sures (Mishra et al., 2024; Sun et al., 2024; Us-
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manova and Usbeck, 2024; Goel et al., 2020). Due
to the multimodal nature of sustainability reports,
recent works have demonstrated the potential of
VLMs for interpreting multimodal sustainability
reports (Peng et al., 2024). Existing ESG (Environ-
ment, Social, and Governance) extraction systems
(Anaraki et al., 2025; Wu et al., 2025; Hillebrand
et al., 2023; Polignano et al., 2022; Gupta et al.,
2024) identify and summarize disclosures, but do
not assess whether disclosed evidence satisfies
framework requirements at requirement-level gran-
ularity. However, compliance assessment requires
a fundamentally different capability: determining
whether disclosed evidence satisfies explicit report-
ing requirements. This requires grounding multi-
modal evidence against framework-specific criteria
and identifying missing, incomplete, or weakly sup-
ported disclosures. To date, the use of Vision Lan-
guage Models (VLMs) for requirement-level en-
vironmental disclosure alignment remains largely
unexplored.

In this paper, we study requirement-level multi-
modal environmental disclosure alignment, a task
that evaluates whether evidence contained in sus-
tainability reports satisfies the reporting require-
ments of GRI 305 (Emissions) and ESRS E1-4 (Tar-
gets related to climate change mitigation and adap-
tation) and ESRS E1-6 (Gross Scopes 1, 2, 3 and
Total GHG emissions). To support this task, we cu-
rate an expert-annotated benchmark 1 comprising
731 disclosure-alignment instances from 43 sus-
tainability reports spanning 11 industry sectors. Us-
ing this benchmark, we evaluate the ability of fron-
tier VLMs under progressively constrained con-
ditioning settings: (i) open-ended setting, which
relies on the model’s parametric knowledge, (ii)
framework-specific setting, which constrains rea-
soning to a particular reporting framework, and (iii)
requirement-level knowledge-augmented setting,
which provides the official disclosure requirements
during inference. We further introduce Coverage
Breadth and Gap Density metrics to analyze dis-
closure completeness and reporting deficiencies at
the disclosure level. This work is guided by the
following research questions:

• RQ1: To what extent can VLMs perform
requirement-level environmental disclosure
alignment?

• RQ2: How do different conditioning settings

1https://github.com/datasharerepo/EnvCompVLM

influence the accuracy and interpretability of
requirement-level alignment judgments?

• RQ3: What role does requirement-level
knowledge grounding play in reducing over-
generalization and improving disclosure-gap
identification?

• RQ4: To what extent does requirement-level
evaluation reveal reporting deficiencies that
remain hidden under disclosure-level assess-
ment?

2 Related Work

NLP and VLMs for ESG Analysis: Recent
NLP research has increasingly focused on extract-
ing climate and sustainability related information
from corporate disclosures. Prior work has ex-
plored foundation models for climate-metric extrac-
tion (Dave et al., 2024), identification of emission-
reduction commitments (ClimateBERT (Schiman-
ski et al., 2023)) and net-zero targets (NetZero-
Facts (Wrzalik et al., 2024)), and climate-related
QA through retrieval-augmented reasoning (Cao
et al., 2025). The growing volume and complex-
ities of sustainability disclosures have motivated
LLM-based ESG analysis. Bronzini et al. (Bronzini
et al., 2024) combine LLMs with RAG (Lewis
et al., 2020) and in-context learning (Dong et al.,
2024) to extract structured ESG insights from com-
panies’ sustainability reports for compliance as-
sessment. ChatReport (Ni et al., 2023), ESGRe-
veal (Zou et al., 2025), and recent LLM-based ESG
extraction frameworks (Bronzini et al., 2024; Peng
et al., 2024; Gutierrez-Bustamante and Espinosa-
Leal, 2022) demonstrate strong capabilities for
ESG information extraction and structuring. More
recently, VLMs have been applied to multimodal
sustainability reports (Gupta et al., 2025a; Peng
et al., 2024). In particular, Wilhelmi et al. (2026)
demonstrate that multimodal reasoning improves
the extraction of GHG emission-reduction targets.

ESG Datasets and Benchmarks: With grow-
ing importance for ESG and sustainability analysis,
several researchers have proposed different bench-
mark datasets: GRI-QA (Contalbo et al., 2025) for
complex table QA, SustainableQA (Ali et al., 2025)
for EU taxonomy QA, A3CG (Ong et al., 2025) for
aspect action analysis, ClimRetrieve (Schimanski
et al., 2024) and ESG-CID (Ahmed et al., 2025)
for information retrieval, ESG-Bench (Sun et al.,
2026) for hallucination mitigation.
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Compliance & Framework Alignment: Sev-
eral studies have explored sustainability framework
alignment and compliance-oriented ESG analysis.
sustain.AI (Hillebrand et al., 2023) and Anaraki et
al. (Anaraki et al., 2025) identify report segments
relevant to GRI disclosures, while ESG-KG (Chang
et al., 2026) leverages standards-derived knowl-
edge graphs to estimate compliance scores. CLAR-
IESG (Santacroce et al., 2026) combines structured
extraction with claim verification for ESG report-
ing. Gupta et al. (2025b) extract GRI disclosure
data and subsequently score the extracted informa-
tion based on requirements.

Collectively, prior work has advanced ESG in-
formation extraction, retrieval, QA, benchmarking,
and compliance analysis. However, requirement-
level disclosure satisfaction remains largely under-
explored, particularly in multimodal settings us-
ing VLMs. We address this gap by introducing a
benchmark for disclosure alignment and reporting
gap identification, and by systematically evaluating
frontier VLMs for requirement-level ESG compli-
ance assessment.

3 Reporting Frameworks & Task
Formulation

We evaluate disclosure alignment for emissions
against two widely used sustainability reporting
frameworks: GRI (305) and ESRS (E1-4 & E1-6),
which differ substantially in reporting philosophy
and disclosure granularity.

Standard Disclosure Requirements

GRI 305
Direct (Scope 1) GHG

Emission 305-1

1. Gross direct (Scope 1) GHG emissions
2. Gases included in the calculation; whether
CO2 , CH4 , N2 O, HFCs, PFCs, SF6 , NF3
3. Biogenic CO2 emissions
4. Source of the emission factors and the gl-
obal warming potential (GWP) rates used
5. consolidation approach for emissions; whe-
ther equity share, financial control, or operati-
onal control.

ESRS E1-6
P44

The undertaking shall disclose in metric
tonnes of CO2eq its:
(a) gross Scope 1 GHG emissions,
(b) gross Scope 2 GHG emissions,
(c) gross Scope 3 GHG emissions, and
(d) total GHG emissions.

P48

The disclosure on gross Scope 1 GHG
emissions required shall include :
(a)the gross Scope 1 GHG emissions in
metric tonnes of CO2eq; and
(b) the percentage of Scope 1 GHG emissio-
ns from regulated emission trading schemes.

Table 1: Example reporting requirements from GRI 305
and ESRS E1-6

GRI 305 - GRI 305 adopts an indicator-oriented
reporting structure consisting of seven disclo-
sures covering Scope 1, Scope 2, and Scope
3 greenhouse-gas (GHG) emissions, emissions

intensity, emission-reduction initiatives, ozone-
depleting substances, and other significant air emis-
sions. Each disclosure is associated with a set of
reporting requirements specifying the information
that must be disclosed against that particular dis-
closure.

ESRS E1-4 & E1-6 - In contrast, ESRS E1-4
& E1-6 follow a requirement-oriented structure de-
signed to support assurance-ready sustainability
reporting under the Corporate Sustainability Re-
porting Directive (CSRD). The framework is orga-
nized into paragraph-level disclosures, where each
paragraph contains one or more reporting require-
ments. These requirements cover climate targets,
methodologies, reporting boundaries, Scope 1-3
emissions and emissions-trading-scheme exposure.
Consequently, ESRS places greater emphasis on
traceability, methodological transparency, and evi-
dencing disclosure completeness.

Table 1 presents a few examples of how require-
ments are given in each standard. The complete list
of GRI disclosures and ESRS paragraph-level re-
quirements used in our experiments is provided
in Appendix B. The differing structures of the
two frameworks make the pair a suitable testbed
for evaluating whether knowledge-grounded multi-
modal reasoning can identify missing, partial, and
weakly supported environmental disclosures.

Task Formulation: Let f denote a reporting
standard framework (GRI or ESRS), Df

i denote
the i-th disclosure under that standard, and Rf

i =
{ri1, ..., rim} denote the set of associated reporting
requirements. Given a set I = {I1, ..., In} of ex-
tracted report pages containing evidence relevant
to disclosure Df

i , the goal is to determine whether
the disclosed evidence satisfies the corresponding
requirements and to identify any missing informa-
tion. Formally, the VLM V predicts an alignment
label A and a set of disclosure gaps G:

A,G = V (I,Df
i , R

f
i )

where
A ∈ {Full,Partial,No}

and
G ⊆ Rf

i .

The alignment label is defined as

A(I,Df
i ) =





Full ∀rij ∈ E(I, rij),

Partial ∃rij ∈ E(I, rij),

No otherwise
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where E(I, rij) ∈ {0, 1} denotes evidence iden-
tified in the report images corresponding to rij is
sufficient or not.

G(I,Df
i ) = {rij |rij /∈ E(I, rij)}

The gap set G consists of all requirements for
which sufficient supporting evidence is not found
in the report images. The gap set provides an in-
terpretable explanation of model decisions by ex-
plicitly identifying reporting requirements that lack
supporting evidence.

4 Dataset Construction & VLM
Conditioning Strategies

This section describes the dataset curation process
to support our alignment identification task. We
have also shown various VLM conditioning strate-
gies for better alignment and gap identification for
interpretable compliance check.

4.1 Benchmark Dataset Construction
Report Collection: We manually collected 56 sus-
tainability reports from SASB repository2. After re-
moving incomplete documents, and reports lacking
sufficient emissions-related disclosures, the final
corpus comprised 43 sustainability reports. The
selected reports span all 11 SASB industry sectors,
providing diverse reporting practices and levels of
disclosure maturity, and environmental-impact pro-
files. A sector-wise distribution of companies is
visualized in Figure 2.

Figure 2: Company count by Sector

Evidence Page Identification: For each re-
port, we first manually searched for GRI or ESRS
content-index tables. When disclosure references
were explicitly mapped to report pages, the corre-
sponding pages were extracted directly. For reports

2https://sasb.ifrs.org/company-use/sasb-reporters

lacking such mappings, we applied a keyword-
based retrieval strategy using emission-related
terms including Scope 1, Scope 2, Scope 3, GHG,
carbon emissions, and climate target. Candidate
pages were subsequently reviewed to ensure rele-
vance to the selected disclosure requirements.

Requirement Construction: For each selected
disclosure, the corresponding reporting require-
ments were manually extracted from the official
framework documentation3,4. Each GRI disclosure
was decomposed into its constituent reporting ele-
ments, while ESRS requirements were maintained
at paragraph level due to their inherently granular
structure. This process produced a set of disclosure-
specific requirements that served as the evaluation
criteria for alignment assessment.

Annotation Process: To create reference la-
bels, three sustainability compliance experts in-
dependently reviewed the extracted report pages
and assessed each requirement against the evidence
present in the report. At the disclosure level, based
on requirements, experts assigned one of the three
alignment labels: (i) Full: all required information
is disclosed. (ii) Partial: only a subset of the re-
quirement is satisfied or evidence is incomplete.
(iii) No: no supporting evidence for the require-
ment is present.

Alignment Class Overall GRI ESRS
Full 269 121 148
Partial 280 124 156
No 182 56 126
Total 731 301 430
Avg. No. of Pages 3.5 pages per disclosure

Table 2: Dataset Statistics

Disagreements were resolved through discus-
sion and adjudication. The final annotations con-
stitute the ground-truth alignment labels used for
evaluation. The resulting benchmark contains 731
disclosure-alignment instances. Annotation relia-
bility was measured using Fleiss’ Kappa (Fleiss,
1971), yielding a score of 0.81, indicating strong
inter-annotator agreement. Each benchmark in-
stance consists of: (i) one or more report pages,
(ii) a target disclosure, (iii) the associated reporting
requirements and (iv) an expert alignment label.

3https://www.globalreporting.org/how-to-use-the-gri-
standards/gri-standards-english-language/

4https://xbrl.efrag.org/e-esrs/esrs-set1-2023.html
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4.2 VLM Conditioning Strategies

We evaluate VLMs under progressively constrained
evaluation strategies that move from parametric rea-
soning to requirement-level knowledge grounding:

• Open-Ended Setting (Parametric Knowl-
edge Only): Models receive report images
and are asked to identify and align emissions-
related disclosures without being informed of
any specific reporting framework. No external
knowledge is provided. This setting evaluates
whether VLMs can rely solely on their in-
ternal knowledge to recognize and interpret
environmental disclosures.

• Framework-Specific Setting (Constrained
Prompting (Yin et al., 2025)): Models are
instructed to perform alignment with respect
to a specified reporting framework (GRI or
ESRS), but are not provided with the corre-
sponding disclosure requirements. This set-
ting evaluates whether framework awareness
alone improves alignment performance while
still relying on the model’s parametric knowl-
edge of the framework.

• Knowledge-Augmented Setting (Require-
ment Level Injection): In this setting, models
are provided with external knowledge. Instead
of relying on models’ internal knowledge,
models receive the report images together
with the official disclosure requirements as-
sociated with the disclosures of the target
framework. By grounding predictions in au-
thoritative reporting requirements, this setting
enables requirement-level assessment and re-
duces reliance on implicit framework knowl-
edge. This setup reflects practical compliance-
review workflows, where reporting require-
ments are explicitly available to analysts and
auditors.

Together, these settings progressively increase
the amount of framework-specific information
available to the model, enabling a systematic evalu-
ation of implicit framework knowledge, framework
awareness, and requirement-level reasoning. This
design allows us to assess the extent to which ex-
plicit requirement grounding improves alignment
accuracy, interpretability, and disclosure-gap iden-
tification.

5 Experiments & Evaluation Metrics

5.1 Models

We evaluate three state-of-the-art Vision Language
Models (VLMs): (i) GPT 5.5 (OpenAI, 2026),
(ii) Gemini 3.5 Flash (Google), and (iii) LLaMA
4 Maverick (Meta AI). These models were se-
lected to represent both proprietary and open-
weight multimodal systems with strong document-
understanding capabilities. All models are evalu-
ated under identical experimental conditions and re-
ceive the same report pages, disclosure definitions,
and prompts corresponding to each evaluation set-
ting. Before conducting the alignment experiments,
we performed a preliminary capability assessment
to verify two prerequisites of the proposed task:
(i) comprehension of sustainability-report content,
including tables, charts, and narrative text, and (ii)
familiarity with reporting-framework concepts and
disclosure requirements. The results indicate that
all evaluated models demonstrate strong document-
understanding capabilities and possess non-trivial
knowledge of sustainability reporting standards.
Detailed examples and analyses are provided in Ap-
pendix C.2 and C.3. Establishing these capabilities
allows alignment errors to be attributed primarily
to requirement-level reasoning rather than to limi-
tations in visual perception or content extraction.

5.2 Evaluation Metrics

5.2.1 Alignment Based Metrics

The alignment task consists of three ordered la-
bels: No=0 < Partial=1 < Full=2. Since these la-
bels exhibit a natural ordinal structure, exact-match
evaluation alone does not fully capture the severity
of prediction errors. We therefore report comple-
mentary metrics that evaluate both classification
performance and compliance oriented reasoning
behaviour.

Accuracy: Accuracy measures the proportion of
instances for which the predicted alignment label
exactly matches the expert annotation. While sim-
ple and easily interpretable, Accuracy assigns the
same penalty to all misclassifications regardless of
their distance from the ground-truth label.

Soft Accuracy: To account for the ordinal na-
ture of the labels, we additionally report Soft Ac-
curacy, which assigns partial credit to predictions
that differ from the ground-truth label by only one
ordinal level. This metric rewards near-correct pre-
dictions while still penalizing large deviations. For
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each instance, the score is defined as

Scorei =





1.0 if Apred
i = Atrue

i ,

0.5 if |Apred
i −Atrue

i | = 1,

0 otherwise.

Soft Accuracy is then computed as

Soft_Acc =
1

N

N∑

i=1

Scorei,

where N denotes the number of evaluated instances.
Unlike Accuracy, this metric distinguishes near-
miss predictions from severe classification errors.

Adjacent Error: The proportion of instances
for which the predicted alignment label differs from
the ground-truth label by exactly one ordinal level:
|Apred

i −Atrue
i | = 1.

Opposite Error: The proportion of instances for
which the predicted alignment label differs from the
ground-truth label by two ordinal levels: |Apred

i −
Atrue

i | = 2.

5.2.2 Analysis Based Metrics
Beyond instance-level alignment evaluation, we
introduce two aggregate measures to character-
ize reporting completeness at the disclosure level:
Coverage Breadth (CB) and Gap Density (GD).
These metrics provide complementary perspectives
on disclosure completeness and enable compar-
isons across reporting frameworks that differ in
structure and granularity. Hence, these will be
computed on ground truth data.

Coverage Breadth (CB): CB measures the num-
ber of disclosures addressed across reports, regard-
less of whether the alignment is Full or Partial. It
quantifies the proportion of reports containing evi-
dence relevant to disclosure Df

i .

CB(Df
i ) =

|{c : Ac(I,D
f
i ) ∈ {Full, Partial}}|

N

where N is the number of reports, Df
i denotes the

ith disclosure within framework f , and Ac(I,D
f
i )

is the alignment outcome of report c for disclosure
i.

Gap Density (GD): While CB captures breadth,
GD represents the average proportion of unmet
requirements for disclosure Df

i across reports. It
captures the extent to which reporting requirements
remain unaddressed even when a disclosure is men-
tioned:

GD(Df
i ) =

1

N

N∑

c=1

|Gc(I,D
f
i )|

|Rf
i |

where Gc(I,D
f
i ) denotes the set of missing re-

quirements associated with disclosure Df
i for re-

port c under framework f and Rf
i is the total num-

ber of requirements associated with disclosure Df
i .

6 Results and Discussions

In this section, we present the overall findings
from the three prompting strategies and analyze
disclosure-level and sector-level reporting patterns
under GRI and ESRS. We further examine the
relationship between alignment accuracy, Cover-
age Breadth (CB), and Gap Density (GD) to un-
derstand how reporting completeness influences
requirement-level disclosure alignment.

6.1 Findings

We compare three conditioning strategies as men-
tioned in Section 4, to assess how constraint and
grounding change alignment outcomes for GRI and
ESRS. Table 3 reports aggregated scores across all
disclosures and companies.

Open-Ended (OE): In open-ended setting, all
models show limited alignment performance, par-
ticularly for ESRS. GPT achieves the strongest
overall performance with a combined accuracy of
0.43 and soft accuracy of 0.60, followed closely by
Gemini (0.40 and 0.49), while LLaMA performs
substantially worse (0.09 and 0.17). The results
suggest that frontier VLMs possess some implicit
knowledge of sustainability reporting concepts, es-
pecially for the widely adopted GRI framework,
where all models outperform their ESRS counter-
parts. This is verified by asking models "give rele-
vant emissions disclosure and their requirements"
with framework. Most models provided all dis-
closures and most of the requirements of the GRI.
For ESRS also, they are able to give substantial
information. Details are shown in Appendix C.
Hence, the outputs skew toward coarse, optimistic
judgments and show a bias toward GRI-style dis-
closures. Additionally, optimism bias remains rela-
tively high, indicating a tendency to overestimate
disclosure completeness when no explicit frame-
work guidance is provided.

Framework Specific (FrS) Conditioning: Pro-
viding framework-specific instructions (FrS) im-
proves performance across all models. The largest
improvement is observed for LLaMA, whose com-
bined accuracy increases from 0.09 to 0.27. GPT
remains the strongest model with a combined ac-
curacy of 0.48 and soft accuracy of 0.64. Opti-
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Gemini Llama GPT
OE FrS KA OE FrS KA OE FrS KA

GRI

Accuracy 0.39 0.39 0.5 0.19 0.35 0.56 0.47 0.45 0.61
Soft Accuracy 0.51 0.53 0.68 0.29 0.47 0.72 0.62 0.63 0.75
Adjacent Error 0.19 0.25 0.37 0.2 0.24 0.32 0.29 0.35 0.27
Opposite Error 0.38 0.34 0.13 0.6 0.4 0.11 0.23 0.19 0.11

ESRS

Accuracy 0.41 0.43 0.62 0 0.19 0.69 0.39 0.5 0.67
Soft Accuracy 0.48 0.57 0.77 0.04 0.38 0.82 0.56 0.65 0.82
Adjacent Error 0.14 0.25 0.3 0.09 0.23 0.27 0.33 0.29 0.3
Opposite Error 0.33 0.23 0.09 0.91 0.43 0.04 0.07 0.11 0.03

Combined

Accuracy 0.4 0.41 0.56 0.09 0.27 0.62 0.43 0.48 0.64
Soft Accuracy 0.49 0.55 0.73 0.17 0.43 0.77 0.6 0.64 0.79
Adjacent Error 0.17 0.25 0.34 0.14 0.24 0.29 0.31 0.32 0.28
Opposite Error 0.36 0.29 0.11 0.76 0.42 0.08 0.15 0.15 0.07

Table 3: Performance of evaluated VLMs across GRI, ESRS, and combined benchmark settings under Open-Ended
(OE), Framework-Specific (FrS), and Knowledge-Augmented (KA) conditioning.

Figure 3: Disclosure wise CB(%) and GD(%) scores

mism bias also decreases across models, show-
ing that framework guidance helps produce more
disciplined alignment decisions. However, ESRS
performance still lags behind GRI, indicating that
framework awareness alone is insufficient for
requirement-level assessment.

Knowledge Augmented (KA) Conditioning:
Providing the official requirement text and asking
for alignment at that granularity flips the pattern
and produces the best results across all models
and frameworks. GPT obtains the highest com-
bined accuracy (0.64) and soft accuracy (0.79),
while LLaMA benefits the most from requirement
grounding, improving from 0.09 (OE) to 0.62
(KA). With access to the authoritative requirement
text, the model’s decisions became more consis-
tent, requirement-aware, and less susceptible to
over-generalisation. Performance gains are partic-
ularly pronounced for ESRS, highlighting the im-
portance of explicit requirement-level information
for complex reporting standards. Furthermore, op-
timism bias drops substantially for all models, sug-
gesting that requirement grounding reduces over-
generalization and leads to more reliable compli-

ance assessments. A key advantage of knowledge-
augmented prompting is that it explains alignment
decisions through requirement-level gaps. Instead
of producing only an alignment label, the model
explicitly identifies unmet reporting requirements,
improving interpretability. Figure 1 illustrates how
alignment predictions can be directly justified by
the corresponding gap set. We observe that, when
provided with official requirements, VLMs gener-
ate gap sets that are more consistent and closely
aligned with expert annotations than those pro-
duced under open-ended or framework-specific
prompting.

6.2 Disclosure-wise Analysis

Figure 3 presents Coverage Breadth (CB) and Gap
Density (GD) across individual disclosures for both
frameworks.

GRI- Under GRI 305, most disclosures exhibit
high coverage breadth except 305-6, indicating that
organizations generally address the required report-
ing topics. However, the corresponding gap den-
sities reveal notable differences in reporting com-
pleteness. For example, 305-1 (Scope 1 emissions)
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Figure 4: Sector-wise Coverage Breadth (CB%) and Gap Density (GD%) scores

and 305-5 (reduction of GHG emissions) achieve
near-complete coverage (100% and 95.45%, re-
spectively), yet maintain moderately high gap den-
sities (48.18 and 45.46), suggesting that disclosures
are often only partially complete. For 305-1, the
most frequently missing requirements are biogenic
CO2 emissions and the consolidation approach. In
contrast, 305-4 (GHG emissions intensity) com-
bines high coverage breadth with the lowest gap
density (18.18), making it the most consistently
reported disclosure. Similar patterns are reflected
in the alignment metrics (See Appendix C). 305-5
remains one of the most challenging disclosures for
models despite its high coverage breadth, reflecting
the difficulty of assessing reduction initiatives and
supporting methodologies.

ESRS- A similar but more pronounced pattern
is observed under ESRS due to its more granular
and assurance-oriented requirements. Core quan-
titative disclosures such as P44 (Scope 1-3 and
total GHG emissions) achieve complete coverage
breadth (100%) and the lowest gap density (9.1),
indicating both broad adoption and high report-
ing completeness. In contrast, disclosures related
to operational control, reporting boundaries, and
methodological transparency show the largest re-
porting deficiencies. P46 exhibits the lowest cover-
age breadth (18.18%) together with a very high gap
density (84.1), while P47 also records high gap den-
sity despite moderate coverage. The large propor-
tion of partially aligned disclosures for P48 and P49
further indicates that companies frequently report
headline figures but omit supporting methodologi-
cal details required for full compliance. Consistent

with these observations, models perform best on
quantitative disclosures such as P44, P49, P50, and
P51 (See Appendix C). In contrast, requirements
involving methodologies, assumptions, reporting-
boundary changes, and comparability (P34 and
P47) consistently obtain lower accuracies across
all models.

6.3 Sector-wise Analysis

Sector-wise patterns as shown in Figure 4 reveal
substantial differences between disclosure cover-
age and reporting completeness. Resource Trans-
formation and Financials exhibit high coverage
under both GRI and ESRS, but elevated ESRS
gap densities indicate missing methodological de-
tails, particularly on Scope 2 emissions (E1-6:P49),
boundary changes (E1-6:P47), and target disclo-
sures. Extractives & Minerals Processing shows
the weakest performance, combining low cover-
age with high gap densities, reflecting persistent
omissions in Scope 3 emissions, pollutant data,
and emissions methodologies. HealthCare per-
forms best under GRI, achieving complete cover-
age with minimal reporting gaps, while Infrastruc-
ture demonstrates the strongest ESRS alignment,
combining full coverage with the lowest gap den-
sity. In contrast, Consumer Goods, Services, Tech-
nology & Communications, and Transportation
maintain moderate-to-high coverage but relatively
high gap densities, driven by recurring omissions in
pollutant emissions (GRI 305-7), significant catego-
rywise Scope 3 reporting (ESRS E1-6:P51), target
milestones (ESRS E1-6:P47), and decarbonisation-
related disclosures (ESRS E1-4:P34). The sector-
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wise gap patterns presented in Appendix C.4 (Fig-
ures 8a and 8b) further show that these deficiencies
are concentrated around a small number of recur-
ring disclosure requirements across sectors.

7 Conclusion

We introduced a requirement-aware formulation
for multimodal environmental disclosure alignment
and curated an expert-annotated benchmark cov-
ering GRI 305 and ESRS E1 requirements. Our
experiments show that explicit requirement-level
grounding consistently improves alignment per-
formance across VLMs, particularly for the more
granular ESRS framework. While the models ex-
hibit some implicit knowledge of sustainability
standards, parametric knowledge alone often leads
to optimistic and less reliable judgments. In con-
trast, requirement-level gap identification provides
transparent explanations for alignment decisions
and supports more interpretable compliance assess-
ment. In future work, we plan to investigate contin-
uous requirement-level alignment scoring instead
of discrete labels, develop specialized lightweight
models for compliance reasoning, and extend the
benchmark to additional sustainability frameworks
and environmental topics. We also aim to jointly
evaluate alignment quality and gap identification
to support comprehensive compliance assessment.
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A Limitations

This study focuses on environmental disclosures
related to GRI 305 and ESRS E1-4,6 require-
ments. While these frameworks cover important
greenhouse-gas reporting obligations, they repre-
sent only a subset of sustainability and climate
reporting standards. Consequently, the benchmark
does not capture the full diversity of environmental,
social, and governance disclosures encountered in
practice.

The benchmark contains 731 disclosure-
alignment instances collected from 43 sustainabil-
ity reports spanning multiple sectors. The dataset
was primarily designed as an evaluation benchmark
for requirement-level disclosure alignment and
compliance assessment rather than as a large-scale
training resource. As a result, its size may limit the
direct training of specialized models and is better
suited for evaluating reasoning and compliance
capabilities of existing VLMs.

Our evaluation focuses on conditioning frontier
VLMs under different levels of requirement ground-
ing rather than training task-specific models. Con-
sequently, the findings primarily characterize the
reasoning behaviour of existing VLMs when per-
forming requirement-level compliance assessment.

Finally, although requirement-level gap identifi-
cation enhances the interpretability of alignment de-
cisions, this work primarily focuses on evaluating
alignment performance and providing a qualitative
analysis of disclosure gaps. Developing standard-
ized quantitative metrics for assessing requirement-
gap prediction, as well as extending the benchmark
to additional sustainability reporting frameworks,
remains an important avenue for future research.
Furthermore, the stability and faithfulness of gen-
erated gap sets and evidence-based classification
decisions warrant systematic investigation to estab-
lish the reliability and robustness of the proposed
approach.

B Reporting Standards for
Environmental Disclosures

GRI Framework: The GRI Standards constitute a
modular and interconnected framework designed
to enable organizations to publicly disclose the im-
pacts of their activities in a structured and transpar-
ent manner. The framework comprises three series
of standards, facilitating consistent and compara-
ble sustainability reporting for stakeholders and
other interested parties. For environmental disclo-
sure, this study adopts GRI 305: Emissions as
the relevant standard. GRI 305 encompasses a set
of specific disclosures, each addressing a distinct
dimension of organizational emissions.

• GRI 305-1: Direct (Scope 1) greenhouse gas
(GHG) emissions

• GRI 305-2: Energy indirect (Scope 2) GHG
emissions
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• GRI 305-3: Other indirect (Scope 3) GHG
emissions

• GRI 305-4: GHG emissions intensity

• GRI 305-5: Reduction of GHG emissions

• GRI 305-6: Emissions of ozone-depleting
substances (ODS)

• GRI 305-7: Nitrogen oxides (NOx), sulfur ox-
ides (SOx), and other significant air emissions

ESRS Framework: The European Sustainabil-
ity Reporting Standards (ESRS), mandated un-
der the Corporate Sustainability Reporting Direc-
tive (CSRD), define disclosure requirements across
Environmental, Social, and Governance topics.
Emission is addressed under ESRS E1: Climate
Change. Unlike GRI’s indicator-based approach,
ESRS uses paragraph-level requirements for de-
tailed reporting. For this study, we considered the
following Paragraphs:

• ESRS E1-4: P33: Disclosure of whether/how
GHG reduction targets are set to manage cli-
mate risks, impacts, and opportunities.

• ESRS E1-4: P34: Comprehensive GHG re-
duction targets: absolute and intensity val-
ues; Scope 1-3 coverage; defined base year
and update cycle; 2030/2050 milestones;
science-based alignment with methodologies
and assumptions; and expected decarbonisa-
tion levers with their quantitative contribu-
tions.

• ESRS E1-6: P44: Gross Scopes 1, 2, 3
and Total GHG emissions-GHG emissions per
scope

• ESRS E1-6: P46: Inclusion of emissions
from associates/JVs/unconsolidated entities
based on operational control.

• ESRS E1-6: P47: Disclosure of significant
changes in definition of what constitutes re-
porting undertaking and its value chain and ex-
planation of their effect on year-to-year com-
parability of reported GHG emissions.

• ESRS E1-6: P48: Scope 1 emissions and
percentage under regulated emissions trading
schemes.

• ESRS E1-6: P49: Scope 2 emissions reported
using both location-based and market-based
methods.

• ESRS E1-6: P50: Disaggregation of Scope
1 and 2 emissions into consolidated group vs.
operational-control investees.

• ESRS E1-6: P51: Scope 3 emissions dis-
closed by each significant (material) Scope 3
category.

• ESRS E1-6: P52: Total emissions reported
with distinction between location-based and
market-based Scope 2 totals.

While GRI disclosures are often organized as
indicator-style requirements, ESRS environmen-
tal requirements are more granular and assurance-
oriented, which increases the risk that high-level
reporting narratives appear aligned while missing
required breakdowns or evidence. This contrast
makes environmental disclosure alignment a suit-
able case for evaluating whether requirement-level
knowledge grounding improves interpretability in
multimodal settings and is further illustrated in
Table 4, which summarises the key structural dif-
ferences between GRI 305 and ESRS E1.

Aspect GRI ESRS
Section GRI 305 ESRS E1-4, E1-6

Materiality Impact Materiality
(Voluntary)

Double Materiality
(Mandatory under CSRD)

Audience Broad Stakeholders
Regulators, Investors,
Assurance

Targets Not mandated in
GRI 305

Targets required if set; cover
Scopes 1–3, 2030/2050 milestones,
science-based alignment, etc

Reduction
Initiatives Often Qualitative Quantified levers required

Biogenic CO2 Varies by reporter
Explicit separation/treatment
expected

Assurance
Orientation Low Assurance Assurance-ready design

Table 4: Comparison of GRI and ESRS Frameworks for
GHG Emissions

C Additional Results

C.1 Paragraph-Level Performance under
ESRS

Table 5 reports knowledge-augmented alignment
performance across individual ESRS requirements.
Overall, all three models perform well on require-
ments centered around explicit quantitative disclo-
sures, particularly P44 (Scope 1–3 and total emis-
sions), P49 (location- and market-based Scope 2
emissions), P50 (disaggregation of Scope 1 and
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Gemini GPT Llama
Acc SA Adj Opp Acc SA Adj Opp Acc SA Adj Opp

E1-4: P33 0.64 0.76 0.25 0.11 0.54 0.71 0.36 0.1 0.61 0.79 0.36 0.03
E1-4: P34 0.46 0.71 0.5 0.04 0.5 0.73 0.46 0.04 0.57 0.77 0.39 0.04
E1-6: P44 0.61 0.80 0.39 0 0.75 0.88 0.25 0 0.93 0.96 0.07 0
E1-6: P46 0.75 0.84 0.18 0.17 0.71 0.86 0.29 0 0.79 0.89 0.21 0
E1-6: P47 0.36 0.57 0.43 0.21 0.36 0.64 0.57 0.07 0.57 0.71 0.29 0.14
E1-6: P48 0.54 0.70 0.32 0.14 0.71 0.82 0.21 0.07 0.71 0.86 0.29 0
E1-6: P49 0.75 0.86 0.25 0 0.82 0.91 0.18 0 0.82 0.89 0.14 0.04
E1-6: P50 0.79 0.89 0.21 0 0.89 0.95 0.11 0 0.64 0.82 0.36 0
E1-6: P51 0.75 0.84 0.18 0.07 0.79 0.88 0.18 0.03 0.79 0.86 0.14 0.07
E1-6: P52 0.57 0.73 0.32 0.11 0.61 0.80 0.39 0 0.54 0.75 0.43 0.04

Table 5: Paragraph-wise evaluation of VLMs on ESRS requirements under the Knowledge-Augmented (KA) setting.
Results are reported using Accuracy (Acc), Soft_Acc (SA), Adjacent Error (Adj), and Opposite Error (Opp).

2 emissions), and P51 (Scope 3 category-wise re-
porting). These requirements achieve the highest
accuracies and soft accuracies across models, with
LLaMA reaching 0.93 accuracy on P44 and GPT
achieving 0.89 accuracy on P50. The consistently
low optimism bias for these requirements suggests
that VLMs can reliably align disclosures when evi-
dence is presented in structured tables and numeri-
cal summaries.

In contrast, all models struggle more with P34
and P47, which require reasoning over method-
ologies, assumptions, target-setting approaches,
reporting-boundary changes, and year-to-year com-
parability. These requirements exhibit the lowest
accuracies across models, with P47 obtaining only
0.36 accuracy for Gemini and GPT. They also pro-
duce higher optimism bias and adjacency scores,
indicating that models frequently identify partially
relevant evidence but have difficulty determining
whether all required methodological details are ex-
plicitly disclosed.

Comparing models, GPT and LLaMA generally
outperform Gemini, although their strengths differ
across requirement types. GPT demonstrates the
most stable performance across requirements and
maintains consistently low optimism bias, while
LLaMA achieves the highest scores on several
quantitative disclosure requirements, including P44
and P49. However, all models show a similar trend:
performance is substantially higher for require-
ments requiring factual extraction than for those
requiring verification of reporting methodology,
assumptions, and disclosure completeness. This
suggests that requirement-level grounding is effec-
tive for identifying explicit evidence but remains
challenging for more interpretive and assurance-

oriented ESRS requirements.

C.2 Disclosure-Level Performance under GRI

Table 6 presents requirement-level results for the
GRI 305 disclosures under knowledge-augmented
prompting. Overall, the models achieve their
strongest performance on the core emissions in-
ventory disclosures, particularly 305-1 (Scope 1
emissions) and 305-4 (emissions intensity), where
GPT obtains the highest accuracies of 0.75 and
0.75, respectively. All three models also demon-
strate low optimism bias for these disclosures, sug-
gesting that explicit and quantitative emissions data
can be reliably aligned with GRI requirements.

Performance declines for disclosures that require
more detailed contextual information about gases
is required. In particular, 305-5 (reduction of GHG
emissions) is consistently more challenging across
all models.

Among the evaluated models, GPT achieves the
most consistent overall performance, leading on
five of the seven GRI disclosures. LLaMA per-
forms competitively on 305-5 and maintains the
highest soft accuracy for this disclosure (0.82),
while Gemini achieves the strongest result on 305-
6 (ozone-depleting substances) with an accuracy
of 0.72. Across all models, disclosures requiring
direct extraction of reported emission values are
substantially easier than disclosures involving re-
duction initiatives, Scope 3 reporting, and pollu-
tant emissions, highlighting that methodological
completeness remains the primary challenge in
requirement-level GRI alignment.

Figure 5 demonstrates how outputs under the
knowledge augmented prompting strategy were
classified into Full, Partial, and No Alignment. Full
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Gemini GPT Llama
Acc SA Adj Opp Acc SA Adj Opp Acc SA Adj Opp

305-1 0.6 0.8 0.4 0 0.75 0.875 0.25 0 0.72 0.86 0.28 0
305-2 0.4 0.7 0.6 0 0.65 0.825 0.35 0 0.52 0.76 0.48 0
305-3 0.44 0.64 0.4 0.16 0.6 0.75 0.3 0.1 0.48 0.66 0.36 0.12
305-4 0.64 0.8 0.32 0.04 0.75 0.875 0.25 0 0.6 0.8 0.4 0
305-5 0.32 0.6 0.56 0.12 0.55 0.725 0.35 0.1 0.64 0.82 0.36 0
305-6 0.72 0.72 0 0.28 0.65 0.675 0.05 0.3 0.68 0.68 0 0.32
305-7 0.4 0.56 0.32 0.28 0.4 0.575 0.35 0.25 0.28 0.46 0.36 0.36

Table 6: Disclosure-wise evaluation of VLMs on GRI requirements under the Knowledge-Augmented (KA) setting.
Results are reported using Accuracy (Acc), Soft_Acc (SA), Adjacent Error (Adj), and Opposite Error (Opp).

Figure 5: Example: An alignment based on requirement-
level evidence for disclosure 305-1

alignment indicates that all parts of the require-
ment are explicitly satisfied. Partial alignment
applies when only some components of the require-
ment are met or when references are indirect. No
Alignment is assigned when the response lacks
any evidence relevant to the requirement. This
categorization ensures fine-grained evaluation of
compliance at the requirement level.

Models Internal Knowledge about GRI and
ESRS: For GRI, all models generated most of re-
quirements. While Gemini generated 96%, GPT
generated 93% and Llama generated 85% of the
requirements. Showing higher knowledge corre-
sponding towards GRI. In contrast, for ESRS all
models generated weaker paragraphs. Exact num-
bers can not be calculated for ESRS because of
their paragraphs. While qualitative results suggest
Gemini appears to possess the most relevant knowl-
edge, followed by GPT. While Llama has the low-
est exact knowledge.

Task Complexity: Aligning report content with
Sustainability disclosure frameworks is inherently
complex. Sustainability reports are typically un-
structured, lengthy, and multimodal, containing a
mix of narrative text, quantitative tables, charts,

and infographics. Unlike conventional structured
benchmarks, the content spans heterogeneous in-
dustries and employs diverse terminologies, mak-
ing it challenging for models to consistently iden-
tify relevant disclosures. Further, different frame-
works impose requirements at varying levels of
granularity and domain specificity. Although many
disclosures partially overlap across frameworks,
they differ in scope, emphasis, and interpretive ex-
pectations, making direct model-driven disclosure
alignment a non-trivial interpretability challenge.
We analyze alignment behaviour across progres-
sively constrained prompting regimes, examining
how varying degrees of guidance and knowledge
grounding influence the model’s ability to produce
requirement-aware judgments and surface weakly
supported or incomplete disclosures. Our objective
is to advance AI-assisted, auditable assessment of
environmental reporting by clarifying how prompt-
ing design influences interpretability and by pro-
viding aggregate indicators of reporting coverage
introduced in Section 4.

C.3 Baseline Content Understanding

This section provides an example used to verify
that the evaluated VLMs can accurately interpret
sustainability-report visuals before performing dis-
closure alignment. The sample includes the origi-
nal report image (Figure 6) and the corresponding
raw output generated by the model (Figure 7). The
multi-modality of disclosures can be seen in the
report page images. No framework instructions or
disclosure requirements were provided; the model
was only expected to extract and summarize the in-
formation present in the image. This example con-
firms that the subsequent challenges in disclosure
alignment arise from framework-level reasoning
rather than limitations in visual or textual compre-
hension.
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Figure 6: Images from a sustainability report

Figure 7: Sample prompt used with model output

C.4 GRI vs ESRS Findings and Compliance
Critique

For the same set of reports, coverage breadth is
steadier and generally higher under GRI because

core requirements are widely disclosed, whereas
ESRS breadth is lower and more variable be-
cause coverage depends on paragraph-level evi-
dence that many sectors only partially provide.
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(a) GRI 305

(b) ESRS E1-4, E1-6

Figure 8: Sector-wise gaps across reporting framework disclosures

The common gaps (Figure 8) that appear repeat-
edly across sectors are Significant Scope 3 details,
boundary/operational-control clarity, Location-
based/Market-based handling with dual totals,
Emissions Trading System share, and auditable tar-
get mechanics. These are precisely those that ESRS
requires to be explicit, and their recurrence explains
the higher ESRS gap density seen in Figure 4. Prac-
tically, the sector path to improvement is to raise
ESRS coverage while shrinking those recurring
gaps, so that breadth converts into assurance-ready
depth rather than remaining as partial alignment
with persistent methodological deficits.

C.5 Prompt Templates
For reproducibility, we provide the prompts used
(Figure 9, 10, 11) under the three conditional
settings: Open-Ended (OE), Framework-Specific
(FrS), and Knowledge-Augmented (KA). Deter-
ministic decoding was employed to ensure repro-
ducibility by eliminating stochasticity during text
generation and consistently selecting the most prob-
able token at each decoding step.
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Figure 9: Prompt used for Open-ended setting

Figure 10: Prompt used for Framework-specific setting

Figure 11: Prompt used for Knowledge-Augmented setting
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