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Abstract

Sustainability reports contain rich Environmen-
tal, Social and Governance (ESG) information,
but their heterogeneous layouts and complex
multi-table structures pose major challenges
for LLMs, especially for unit normalization,
cross-document reasoning, and precise numer-
ical computation. We present CLARIESG, an
end-to-end system that couples robust table
extraction with a structured prompting frame-
work for multi-table filtering, normalization,
and program-of-thought reasoning. On ESG-
focused multi-table benchmarks, CLARIESG
consistently outperforms standard prompting
and provides transparent, auditable reasoning,
supporting more reliable ESG analysis and
greenwashing detection in real-world settings.

1 Introduction

Companies increasingly publish sustainability re-
ports, i.e., documents that describe their ESG
performance, policies, and non-financial impacts,
to comply with sustainability standards such as
GRI (GRI, 2024). These reports are a key source
of ESG data, used in sustainable finance, corporate
accountability, and policy evaluation. In Europe
alone, assets managed under responsible invest-
ment principles reached approximately C6.6 tril-
lion in 2024, representing nearly 38% of total man-
aged assets (Heflich and Saulnier, 2024).

To fully exploit the analytical potential of these
disclosures, the European Union is introducing the
European Single Access Point (CSR, 2022), a uni-
fied platform that will begin collecting sustainabil-
ity reports starting in 2026. While this centraliza-
tion will enable unprecedented large-scale, data-
driven ESG analysis, it also underscores the need
for automated methods capable of consistently in-
terpreting complex and heterogeneous disclosures
in a transparent and explainable manner.

Recent advances in Large Language Models
(LLMs) offer a promising direction for automating

ESG knowledge extraction, thanks to their ability
to interpret unstructured and heterogeneous data.
Nevertheless, sustainability reports remain highly
complex documents that challenge even state-of-
the-art models. Evidence of this emerges from
the GRI-QA benchmark (Contalbo et al., 2025),
a dataset for single- and multi-table question an-
swering over sustainability reports. When tested on
multi-table scenarios, GPT-based models show lim-
ited performance even with clean, expert-curated
tables, indicating that the difficulty lies not in OCR
noise or table detection errors but in the intrinsic
reasoning demands of the domain. This empirical
analysis highlights three main challenges.

First, the tabular data in sustainability reports fre-
quently exhibits non-standard structures, including
hierarchical layouts, merged headers, and company-
specific schemas. Second, the language used in
these documents is highly domain-specific, com-
bining technical terminology with performance in-
dicators that vary in definition, scope, and units of
measure. Finally, interpreting the disclosed infor-
mation can require complex numerical reasoning,
involving the combination and comparison of indi-
cators distributed across multiple tables, sometimes
even in different documents.

The literature has proposed several end-to-end
systems for processing and querying sustainabil-
ity reports with LLMs (Zou et al., 2023; Ni et al.,
2023; Vaghefi et al., 2023; Singh et al., 2024; Wrza-
lik et al., 2024; Nguyen et al., 2025; Hsu et al.,
2024); however, these systems generally do not
provide explicit support for tabular content or for
complex quantitative reasoning, particularly in sce-
narios requiring cross-table numerical aggregation
and interpretation.

To address these limitations, we present CLAR-
IESG1, an end-to-end LLM-based system designed

1The code and demonstration video are available at
https://github.com/softlab-unimore/ClariESG.git
and https://youtu.be/noQ-5ya6cOE
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to support automated analysis of corporate sus-
tainability reports. The architecture consists of a
data management and preparation layer, which per-
forms document parsing, metadata enrichment, and
extraction and normalization of textual and tabular
content, and an analytics layer, which enables ex-
ploration, querying, and numerical reasoning over
the extracted data. By bridging the gap between
general-purpose LLM capabilities and the analyt-
ical requirements of ESG reporting, CLARIESG
provides structured access to unstructured reports
and supports accurate, explainable, and large-scale
ESG analysis within a realistic regulatory context.

The demo illustrates two main scenarios. In the
first, ESG analysts can query the system in natu-
ral language to obtain company and sector-level
insights, with results returned both as explanatory
text and as structured scorecards for benchmark-
ing and decision-making. The second scenario fo-
cuses on claim verification, addressing the grow-
ing concern of greenwashing (Nemes et al., 2022;
Moodaley and Telukdarie, 2023; de Freitas Netto
et al., 2020), i.e., the practice of making unsub-
stantiated or misleading claims about a company’s
environmental performance. In this setting, regu-
lators, or sustainability promoters can input a tex-
tual claim, and CLARIESG automatically retrieves
and analyzes relevant evidence from sustainability
reports, highlights supporting or contradicting pas-
sages, and provides natural-language justifications.

These scenarios demonstrate how CLARIESG
supports analytical and regulatory needs, enhanc-
ing the reliability of ESG reporting.

2 Related Work

Recent approaches have explored LLM-based anal-
ysis of corporate and environmental reports. ES-
GReveal (Zou et al., 2023) leverages LLM reason-
ing to extract ESG indicators from both textual and
tabular content, ChatReport (Ni et al., 2023) fo-
cuses on extracting traceable insights from sustain-
ability reports while reducing hallucinations. Chat-
Climate (Vaghefi et al., 2023) integrates general-
purpose LLM knowledge with climate-specific con-
tent, summarizing and distilling information rele-
vant to user queries. FinQAPT (Singh et al., 2024)
addresses QA over financial reports by combin-
ing dense retrieval, re-ranking, and LLM reason-
ing with dynamic n-shot prompting and chain-of-
thought. NetZeroFacts (Wrzalik et al., 2024) ex-
tracts structured emissions data, enabling system-

atic analysis of corporate climate commitments.
Beyond report-centric approaches, some systems

integrate further unstructured data sources. My-
ClimateCopilot (Nguyen et al., 2025) adopts an
agentic framework that plans information retrieval,
selects tools, and queries heterogeneous sources
such as climate APIs and scientific literature. Chat-
NetZero (Hsu et al., 2024) similarly combines se-
mantic retrieval with anti-hallucination strategies
to extract answers from text and spreadsheets.

Another line of research focuses on optimiz-
ing individual components rather than provid-
ing end-to-end solutions. This includes ap-
proaches for extracting semantically structured
ESG-related information from sustainability re-
ports using LLMs (Zhou and Perzylo, 2023; Us-
manova and Usbeck, 2024; Bronzini et al., 2024),
as well as tools for parsing of reports with complex
layouts, such as ReportParse (Morio et al., 2024).

Finally, several models have been fine-tuned on
corporate and environmental reports, resulting in
specialized architectures designed to address a va-
riety of tasks, such as text classification (Xia et al.,
2024; Mehra et al., 2022; Schimanski et al., 2023;
Webersinke et al., 2021; Araci, 2019; Luukkonen
et al., 2023), question answering (Luccioni et al.,
2020; Zhao et al., 2022; Xie et al., 2023; Chen
et al., 2021; Zhu et al., 2021; Deng et al., 2022; Wu
et al., 2025), and claim extraction for greenwashing
detection (Mahdavi et al., 2024).

Among the end-to-end systems, ESGReveal
is the only approach that explicitly handles tab-
ular structure, whereas FinQAPT uniquely fo-
cuses on complex numerical reasoning to effec-
tively address quantitative queries. CLARIESG at-
tempts to integrate both capabilities and resembles
UNITQA (Zhu et al., 2025) in multi-table manage-
ment, though the latter does not handle table ex-
traction and retrieval from unstructured documents,
instead assuming that tables are already available
in relational or non-relational sources.

3 Approach

The architecture of CLARIESG is organized into
two main layers, a data management and prepa-
ration layer and an analytics layer, as illustrated
in Figure 1.

The data management and preparation layer
handles the acquisition, parsing, and normalization
of sustainability reports. Specifically, this layer in-
tegrates document-level parsing, company and sec-
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Figure 1: System overview ( use of LLM)

tor metadata retrieval, and the extraction and stan-
dardization of tabular and textual content according
to ESG reporting frameworks such as GRI (GRI,
2024). Importantly, it adopts a human-in-the-loop
approach (Amershi et al., 2014; Wu et al., 2022):
while the process is largely automated, users can
supervise the collected data, inspect intermediate
results, and correct possible import or formatting
errors. This optional supervision ensures reliability
and traceability without compromising scalability.
By producing consistent, validated representations,
this layer lays the foundation for reproducible and
large-scale ESG analysis.

The analytics layer builds upon these represen-
tations to enable interactive reasoning and knowl-
edge discovery. It supports both natural-language
querying and analytical operations such as numer-
ical comparison, aggregation, and ranking across
multiple documents. To this end, it combines LLM-
based text understanding with reasoning paradigms
such as Chain-of-Thought (Wei et al., 2022; Ko-
jima et al., 2022) and Program-of-Thought (Chen
et al., 2023).

By explicitly separating document understand-
ing from reasoning and exploration, CLARIESG
offers a unified framework for scalable, transparent,
and explainable ESG analysis, anticipating the data
landscape that will emerge with the introduction of
the European Single Access Point (CSR, 2022).

3.1 Data Management and Preparation Layer
The data management and preparation layer is de-
signed to transform raw sustainability reports into
structured, validated, and searchable data repre-
sentations. Its pipeline covers four main responsi-
bilities: (i) identifying the target company and its
metadata, (ii) locating the portions of the document
that contain relevant information, (iii) extracting
and validating tables and contextual text, and (iv)

storing the resulting representations for subsequent
retrieval and reasoning.

First, the system analyzes each report to iden-
tify the legal company name, which is then used
to query Wikidata for sectoral metadata. Second,
a hybrid sparse–dense2 retrieval stage indexes the
textual content in a vector database and localizes
the sections of the document relevant to GRI top-
ics, focusing the analysis on pages most likely
to contain quantitative disclosures. Third, CLAR-
IESG extracts and validates tabular data, which
represent a large portion of ESG indicators. Tables
in these reports are highly heterogeneous, often
including multi-level headers, nested indicators,
subtotals, or irregularly merged cells. An ensem-
ble of OCR systems, combining Unstructured3

and Tesseract (Smith, 2007), is used to extract
table content. The extracted tables then undergo
a two-step LLM-based refinement: a relevance as-
sessment with respect to GRI indicators, followed
by structural and formatting correction. Residual
inaccuracies can be reviewed and corrected by the
user through a human-in-the-loop interface, which
allows inspection and validation against the orig-
inal document. Finally, both refined tables and
associated textual contexts are stored inside the
database. Additional details on the prompts used
for metadata extraction and table processing are
provided in the Appendix (Section 7.1).

3.2 Analytics Layer

CLARIESG supports comparative and quantitative
analyses that often require integrating information
from multiple tables within a single report or across
several reports. To address this challenge, CLAR-
IESG implements a prompting-based workflow

2multilingual-e5-large-instruct and TF-IDF
3Unstructured Documentation
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Figure 2: NormPoT prompting strategy. ( use of LLM)

that orchestrates a sequence of LLM-guided rea-
soning steps for multi-table and quantitative tasks.

The process begins with table filtering, where
the system analyzes candidate tables and selects
the most relevant rows and columns according to
the user query. This step is fully realized through
prompting: the model is instructed to rank table
segments by relevance to the question. The se-
lected fragments are then passed to the normaliza-
tion stage, where a second prompt alignes units, la-
bels, and conventions to ensure consistency across
heterogeneous sources. For example, energy con-
sumption may appear as “GJ” in one report and
“MWh” in another; CLARIESG automatically ap-
plies conversion factors and aligns terminology to
a standard schema, enabling direct comparison.

Next, program generation is performed using
a Program-of-Thought (PoT) reasoning paradigm.
The model is prompted to synthesize a Python func-
tion encoding the operations required to aggregate
or combine data from the filtered and normalized
tables. The generated code is parsed, sanitized, and
executed locally to compute the requested metric.
Finally, in the answer composition phase, the sys-
tem reformulates the numeric output into a human-
readable explanation that references both the com-
puted value and the supporting evidence. We refer
to this end-to-end reasoning pipeline as NormPoT
(Figure 2). The Appendix (Section 7.2) provides
the full set of prompts that operationalize each
stage of the workflow.

3.3 Implementation details

CLARIESG is implemented in Python. Data is
stored in a PostgreSQL database extended with the
pgvector module. gpt-4o-mini is used as a lan-
guage model for structured information extraction
and reasoning tasks. CLARIESG is independent

of the LLM, allowing the underlying model to be
replaced, e.g. with open source alternatives, with-
out modifying CLARIESG’s pipeline. The user
interface is built with Gradio 5.46.0, providing an
interactive environment for uploading reports, in-
specting tables, and executing queries. Interactions
with the LLM are handled through the OpenAI
API.

4 Application scenarios

This section illustrates two representative scenarios
in which CLARIESG supports automated analysis
of corporate sustainability disclosures: (i) compara-
tive ESG benchmarking, and (ii) claim verification.

4.1 Comparative ESG Analysis

This functionality represents a core step in several
downstream applications, including the identifica-
tion of top-performing and under-performing peers
within a sector and the support of investment and
policy decisions grounded in comparable evidence.
Traditionally, analysts extract KPIs from individ-
ual sustainability reports, manually transfer them
into spreadsheets, and attempt to harmonize units,
time frames, and reporting methodologies. This
harmonization process is tedious and prone to in-
consistencies, particularly when reports differ in
structure, terminology, or indicator granularity.

CLARIESG automates this entire workflow
by combining standard reasoning with compar-
ison operations specifically designed for multi-
table settings, such as value normalization and
table-structure alignment. More precisely, CLAR-
IESG can extract, standardize, and interconnect
corresponding indicators from multiple reports.
The resulting processed information can be ac-
cessed through two complementary modalities:
company scorecards and conversational analyt-
ical responses. In the first modality, the system
transforms the semi-structured content of sustain-
ability reports into interlinked, machine-readable
data aligned with common reporting frameworks,
such as the GRI standards. This data provides con-
cise representations of relevant indicators. An ex-
ample of output produced is shown in Figure 3a.
In the second modality, users can interact directly
with the system via a conversational interface. For
instance, a query such as “Which company reported
the highest energy consumption in the manufactur-
ing sector between 2022 and 2023?” triggers the re-
trieval of the relevant values from each report, exe-
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(a) Company scorecards. (b) Conversational interface.

Figure 3: Key CLARIESG functionalities: automated ESG comparison and interactive claim verification.

cution of the necessary computations, and formula-
tion of a unified answer with references to the orig-
inal sources. This capability enables reproducible,
and transparent quantitative ESG benchmarking,
thus supporting interactive and data-driven explo-
ration of corporate sustainability at scale.

4.2 Claim verification
The second application domain concerns the veri-
fication of claims and the answering of questions
within corporate sustainability reports (see the con-
versation interface in Figure 3b). This task is cen-
tral to the identification of potential greenwash-
ing, as it enables the detection of inconsistencies
between narrative claims and reported evidence.
In traditional workflows, verifying such claims re-
quires labor-intensive manual inspection of lengthy
reports and the cross-referencing of textual state-
ments with tabular indicators dispersed across mul-
tiple sections. This procedure is inherently slow,
error-prone, and difficult to scale, particularly when
dealing with heterogeneous reporting formats or
multiple companies. In contrast, CLARIESG au-
tomates the task and enhances its effectiveness.
By leveraging numerical reasoning capabilities
through a Program-of-Thought paradigm, the sys-
tem allows users to query ESG disclosures in nat-
ural language with questions such as "What is the
percentage reduction of greenhouse gas emissions
since 2020?". The model identifies the main indica-
tors and temporal references in textual and tabular
evidence, computes the required numerical varia-
tion, and returns an evidence-grounded answer that
explicitly includes the supporting excerpts and ta-
ble cells. This design enables analysts to audit the
full reasoning chain.

5 Main results

A core requirement in the proposed scenarios is
accurately resolving QA tasks over single and mul-
tiple tables. To evaluate this, we assess CLARIESG

on GRI-QA, a domain-specific QA benchmark over
environmental tables from sustainability reports,
which allows us to replicate the core operation be-
hind both scenarios in a controlled setting. While
GRI-QA specifically targets GRI 300 indicators,
CLARIESG is GRI-agnostic and can be extended
to other GRI families by updating indicator meta-
data. GRI-QA organizes the questions into the fol-
lowing categories: extractive questions that require
direct data retrieval; hierarchical questions that
involve disambiguating terms within nested table
structures; and calculated and quantitative ques-
tions that test relational and arithmetic reasoning
such as comparisons, superlatives, rankings, and
percentage variations. It also includes multi-step
questions requiring computations over multiple ta-
bles or documents.

By analyzing CLARIESG ’s responses on GRI-
QA, we assess (i) the effectiveness of prompting
strategies for single-table and multi-table questions,
and (ii) the relative performance of ChatGPT 5.1
and CLARIESG in multi-table reasoning. We use
the normalized Exact Match (EM) (Dua et al.,
2019) as the main evaluation metric.

Comparison of Prompting Strategies. Table 1
shows that the simple use of Chain-of-Thought
(CoT) on one-table questions provides the best per-
formance. In particular, the average performance
of Program-of-Thoughts (PoT) and NormPoT
decreases by 7 and 7.9 EM points respectively,
demonstrating that overly complex prompting
strategies can lead to sub-optimal performance
on simple questions. The only one-table scenario
where the performance of PoT and NormPoT
improves compared to CoT is for the quant
dataset, where performance increases by 13.1 and
13.5 points respectively. This indicates that for
questions requiring mathematical calculations,
performing the calculations through a Python inter-
preter leads to better results. For the multi-table
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GRI-QA one-table GRI-QA multi-table

extra hier rel quant step avg rel2 rel3 rel5 quant2 quant3 quant5 step2 step3 step5 avg

CoT 84.2 80.9 92.7 72.6 33.1 72.7 56.6 34.3 19.5 58.7 20.8 0.0 43.7 32.7 25.5 32.4

PoT 62.4 66.8 89.9 85.7 23.5 65.7−7.0 63.0 41.0 26.4 65.3 36.1 12.0 58.9 37.0 30.9 41.2+8.8

NormPoT 63.9 62.2 91.5 86.1 20.5 64.8−7.9 68.5 59.0 39.1 69.3 50.0 22.0 56.3 42.8 28.2 48.4+16.0

Table 1: Performance of different prompting strategies in one-table and multi-table settings, and for the question
categories defined in GRI-QA. In multi-table tasks, the number beside each category indicates the tables involved
(e.g., rel5 = 5 tables). Superscripts denote average performance differences relative to the CoT baseline.

rel2 rel3 rel5 quant2 quant3 quant5 step2 step3 step5 avg

ChatGPT 5.1 70.0 50.0 30.0 50.0 16.0 28.0 60.0 40.0 36.0 42.2

C
L

A
R

IE
S

G gpt-4o-mini 60.0 56.0 44.0 72.0 46.0 22.0 72.0 44.0 26.0 49.1+6.9

gpt-4o-mini + noisy tables 44.0 28.0 30.0 68.0 28.0 0.0 54.0 40.0 30.0 35.8−6.4

gpt-5-mini 90.0 88.0 88.0 92.0 74.0 68.0 76.0 70.0 66.0 79.1+36.9

gpt-5-mini + noisy tables 88.0 90.0 84.0 88.0 74.0 66.0 76.0 72.0 60.0 77.6+35.4

Table 2: Performance comparison between ChatGPT 5.1 and CLARIESG (with different LLMs) on the first 50
questions of each GRI-QA multi-table benchmark. In the noisy setting, two irrelevant tables are added for each
company report. Superscripts indicate average performance deltas vs. ChatGPT 5.1.

benchmarks, on the other hand, PoT and NormPoT
achieve average performance that is 8.8 and 16 EM
points higher than CoT, respectively. In particular,
the integration of a normalization step prior to
executing PoT provides significant advantages,
by clarifying the intermediate steps required to
compare values from different companies that
use different units of measurement. The results
indicate that for questions requiring numerical
calculation or reasoning across multiple tables, the
best strategy to adopt is NormPoT.

Comparison with ChatGPT 5.1. To validate the
quality of CLARIESG, we compare its perfor-
mance on the first 50 questions of each multi-table
benchmark of GRI-QA with ChatGPT 5.1. The
systems are compared based on how they would be
used to perform ESG analysis of corporate reports.
For ChatGPT 5.1, for each question, we manually
connect to the ChatGPT website, we load the com-
plete reports of the companies required by the ques-
tion and we annotate its response. Based on the re-
quest, ChatGPT 5.1 itself decides whether to think
longer (ChatGPT Thinking) or provide an imme-
diate answer (ChatGPT Instant). For CLARIESG,
we use the clean tables provided by GRI-QA. Al-
though the amount of textual context provided as
input differs between ChatGPT 5.1 and CLAR-
IESG, the comparison between the two systems
is fair, assuming that the user correctly cleans the
tables extracted by CLARIESG. Still, to faithfully

evaluate the performance of CLARIESG, we also
test it with two additional noisy tables as context
for each company needed to answer the question.

Table 2 shows the results. In CLARIESG, the av-
erage performance of gpt-4o-mini surpasses the
performance of ChatGPT 5.1 by 6.9 EM points
when CLARIESG is not provided with additional
noisy tables, whereas its performance falls 6.4 EM
points below that of ChatGPT 5.1 when evaluated
under the noisy setting. By using gpt-5-mini as
backbone LLM, CLARIESG greatly outperforms
ChatGPT 5.1 with a respective average perfor-
mance increase of 36.9 and 35.4 EM points for the
clean and noisy settings. Notably, providing clean
tables and correct context allows CLARIESG to
outperform ChatGPT 5.1 with both gpt-4o-mini
and gpt-5-mini, even if the backbone LLM is
much smaller. In general, the tabular data man-
agement and reduction of context performed by
CLARIESG proves to be crucial in providing accu-
rate responses to ESG-related queries.

6 Conclusion

We showcased CLARIESG, an end-to-end sys-
tem for analyzing corporate sustainability reports.
Combining robust table extraction with struc-
tured prompting for multi-table normalization and
Program-of-Thoughts reasoning, CLARIESG pro-
vides precise, auditable analytics for ESG bench-
marking and claim verification. Experiments on
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GRI-QA show that this specialized workflow out-
performs general-purpose LLMs such as Chat-
GPT 5.1. Future work will focus on improving
robustness to noisy tables and integrating richer
domain knowledge.

Limitations

The system currently focuses exclusively on the
management and extraction of information related
to ESG data. This represents an essential step for
enabling analysts to gain a deeper understanding of
companies’ environmental behaviour and to com-
pare performance across sectors. However, inte-
grating indicators that combine ESG and financial
data would further enhance the analytical value
of the system, as investment decisions are often
guided by a combination of both dimensions. We
plan to address this limitation in future work.

OpenAI models accessed via API calls are
known to produce non-deterministic outputs even
when the temperature is set to 0. As a result, the
results reported in Table 1 and Table 2 may exhibit
slight variability across different runs.

Risks

A potential risk associated with the use of CLAR-
IESG is that analysts may over-rely on the system’s
responses. Although the performance of CLAR-
IESG is promising (Table 2), it is not flawless.
Even though the reasoning process used to gener-
ate answers is fully auditable, users may still place
trust in the output without verifying the underly-
ing evidence. For this reason, we recommend that
analysts consult CLARIESG as a support tool, but
cross-check its answers against the original sources
to prevent misinterpretations and mitigate the pos-
sibility of hallucinations.

Use of AI Assistants

When writing this paper, we used AI assistants,
such as ChatGPT, to improve the flow of writing
and the vocabulary of the initial drafts we man-
ually wrote. Each suggestion has been manually
validated by the authors.
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7 Prompts and screenshots

The screenshot in Figure 4 shows the component
used to upload and refine the tables extracted from
the reports, which could not be included in the main
paper due to space constraints.

Below, instead, we provide details on the
prompts used to instruct the underlying LLM of
CLARIESG to perform the different tasks required
by the system. We distinguish between prompts
employed for data preparation and those used for
analysing the extracted data.

7.1 Prompts for the data management and
preparation layer

During the pre-processing phase, the LLM is re-
sponsible for (i) extracting metadata about the re-
porting company (such as the legal name and in-
dustrial sector), and (ii) accurately identifying the
tables contained in the document. Specifically, Fig-
ure 5 shows the prompt used to identify the com-
pany’s legal name from the front pages of the report.
The extracted name is then used to query Wiki-
data and retrieve the company’s industrial sectors.
The SPARQL query used for this retrieval is pro-
vided in Figure 6. To ensure robust table extraction,
OCR output is further processed through a two-step
LLM-based pipeline. This includes (i) verifying the
relevance of the extracted content with respect to
GRI indicators (see the prompt in Figure 7), and (ii)
refining the structural and formatting consistency
of the resulting tables (see the prompt in Figure 8).

7.2 Prompts for the analytics layer
To support comparative analysis over tables ex-
tracted from multiple reports, CLARIESG orches-
trates a sequence of LLM-guided reasoning steps.
These include: (i) table filtering, to select rows and
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columns relevant to the user query (see the prompt
in Figure 9); (ii) normalization, to harmonize units,
labels, and formatting conventions across heteroge-
neous sources (see the prompt in Figure 10); (iii)
program generation, which synthesizes a Python
function encoding the required logical and arith-
metic operations in a PoT-style workflow (see the
prompt in Figure 12); and (iv) code execution, to
run the generated program and obtain the final com-
puted values. In case of Python execution error,
CLARIESG falls back to standard CoT (see the
prompt in Figure 11).

Additionally, CLARIESG uses the prompt in
Figure 13 to create the company scorecards.

Figure 4: Screen of Tab 2, Upload and processing documents.

Get company name

You are an assistant that extracts the name of the main company mentioned in a PDF document.

Read the following text and return ONLY the company’s full name — no explanations, no
punctuation, no additional text.

Figure 5: Prompt to obtain the company name.
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Get company sectors

SELECT ?company ?companyLabel ?industry ?industryLabel WHERE {{
SERVICE wikibase:mwapi {{

bd:serviceParam wikibase:endpoint "www.wikidata.org";
wikibase:api "EntitySearch";
mwapi:search "company_name";
mwapi:language "en".

?company wikibase:apiOutputItem mwapi:item .
}}

OPTIONAL {{ ?company wdt:P452 ?industry.}}
SERVICE wikibase:label{{ bd:serviceParam wikibase:language "\[AUTO_LANGUAGE],en".}}

}}
LIMIT 10

Figure 6: Wikidata query to retrieve the industry sectors associated with a company.

Evaluation of extracted tables

You are an expert in sustainability reporting (GRI Standards).

I will give you:
1. A GRI code and its description.
2. The content of a CSV table extracted from a company report.

Task: Decide if this CSV table is relevant to the GRI code.

Answer with ONLY one word: "YES" if the CSV contains information that matches or supports
the GRI description, otherwise "NO".

GRI code: gri_code
Description: gri_desc
CSV content (partial preview): csv_preview

Figure 7: Prompt to evaluate the extracted tables.
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Formatted table

You are given the content of a CSV file automatically extracted from a table.
Your task is to clean and reformat it into a valid table, ensuring that all rows have the same
number of columns.

Follow these rules strictly:

• Use ; as the column separator in the final output.

• Determine the maximum number of fields present in any row, and expand all rows to that
length.

• If a row has missing cells, fill them with NaN.

• Keep numeric values as-is, including negative percentages and decimals.

• Fix broken or merged cells, misplaced values, or incorrect headers.

• Do not add or remove data rows except for lines that are completely empty or contain only
NaN.

• Standardize headers:
- Create clear, readable names.
- Avoid duplicates (rename automatically if needed).
- Do not lose or shorten the meaning of headers.

• Ensure consistent formatting:
- Align numeric and text values properly.
- Remove symbols or characters that are clearly OCR or extraction noise.

• Output only the cleaned CSV content no explanations or comments.

REMEMBER THAT ALL ROWS MUST HAVE THE SAME NUMBER OF FIELDS!

Figure 8: Prompt to format the extracted tables.
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Extract values

You will be given a question and a table.
ONLY IF there are relevant rows and columns, you must indicate the indices of the rows and
columns that could be relevant to answer the question. OTHERWISE, if for a certain table there
are no relevant rows and columns, write an empty list for both "rows" and "columns". You must
not try to answer the question, you must only retrieve the relevant rows if there are. Use the values
in the "index" column to refer to the relevant rows.
Additionally, for each selected row include the corresponding row name in the table: use the value
from the first non-index column (immediately to the right of "index") as the row’s name. Align
"row_names" with "rows". If no such column exists, use an empty string (”).

For column indices, write the number (starting from 0, left to right), not the column name. First
reason step-by-step. Then write "Final answer: " followed exclusively by a Python dictionary:
{

"rows": [row_index1,...,row_indexn],
"columns": [column_index1,...,column_indexn],
"row_names": [row_name1,...,row_namen]

}

If no relevant rows/columns, return empty lists. Do not write anything else after "Final
answer:". Do not use Markdown syntax.

Question: {question}
Table: {table}

Let’s think step-by-step.

Figure 9: Prompt to extract relevant rows and columns from a table.
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Normalization

Given multiple tables and a question, decide the unit of measure to use for the final answer. Then,
align table values by converting needed values to a unique unit.

If the question specifies a unit, convert values to it. Otherwise, decide the unit and convert. Do not
rewrite the tables. Only provide a list of rules/formulas indicating the needed transformations.
Transformations must only handle units. Do not discuss solving the question.

Sample rule: 1. 1000 meters = 1 kilometer

First reason step-by-step. Then write "Final answer: " followed exclusively by the list of
rules/formulas.

Do not write anything else after "Final answer:". Do not use Markdown syntax.

Question: {question}
Tables: {tables}

Let’s think step-by-step.

Figure 10: Normalize units in multiple tables.

Fallback Python

Consider the following question and content. First reason step-by-step, then provide the answer.

Question: {question}
Content: {content}

Let’s think step-by-step.

Figure 11: Prompt to reason step-by-step and provide Python answer.
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Python Prompt

You need to create Python code that answers the following question, taking into account the tables
provided and the fact that NOT ALL rows are always useful for generating the answer. Write your
reasoning first. Then, at the end, write ‘Final answer:’ followed by the Python code and nothing
else. The Python code must be executable ‘as is’, so include relevant imports. At the end, print the
result with print(). If not already done,specify ```python before the code and ``` at the end.

If the question is Boolean, the output must be exclusively ‘yes’ or ‘no’. If a list of values is re-
quired, respond with a comma-separated list. Write numerical values with exactly 2 decimal places.

Ensure the final answer is in the expected form. Do not write anything else after ‘Final answer:’.
Do not use Markdown syntax.

Question: {question}
Tables: {paragraph}

Let’s think step by step.

Figure 12: Prompt to generate Python code considering relevant rows/columns in tables.

Company Summary

You are an expert assistant in sustainability and GRI standards.

Your task is to analyze data extracted from a company’s PDFs in the form of CSV tables
related to specific GRI indicators, and provide a clear, concise summary of the company’s
performance.

Instructions:

• Base your summary strictly on the data provided in the CSV tables.

• Highlight trends, improvements, or regressions in the company’s performance where possible.

• Do not add assumptions or information not present in the tables.

• For each key point, reference the row, cell, page, and table number used from the CSV context.

• Make the summary concise, well-structured, and readable for stakeholders.

• If there is no context, reply clearly that you have not received any information. Nothing else.

Here are the CSV tables extracted from the company’s PDFs related to GRI indicators:

{context}

Please provide a concise summary of the company’s performance based strictly on this data.

Figure 13: Prompt to generate a concise summary of company performance from GRI-related CSV tables as
company card.
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