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Abstract—Assessing companies’ contributions to the United
Nations Sustainable Development Goals (SDGs) is essential for
sustainable investment and regulatory reporting. However, ex-
tracting reliable insights from heterogeneous textual sources re-
mains a challenge due to limited labeled data, domain imbalance,
and privacy constraints. We present LétzSDG, a lightweight
BERT-based multiclass classifier fine-tuned on a hybrid dataset
constructed using Large Language Models (LLMs). Multiple
LLMs are used to (i) expand domain-specific SDG keywords,
(ii) perform consensus-based zero-shot labeling, and (iii) generate
synthetic data to balance underrepresented classes. Unlike cloud-
hosted LLMs, LétzSDG is designed for on-premises deployment
within financial institutions, ensuring data-privacy compliance.
Integrated into a human-in-the-loop investment workflow, its
predictions are span-linked for traceability and committee review.
Evaluated on public datasets (the OSDG Community Dataset
and the SDG Integration Corpus), LétzSDG outperforms SDG-
specific baselines, a strong NLI-based zero-shot model, and
several open LLMs, while rivaling larger closed models at a
fraction of their size. LétzSDG and its datasets are publicly
available on Hugging Face.

Index Terms—Sustainable Development Goals (SDGs), Sus-
tainable Finance, Text Classification, Large Language Models
(LLMs), Human-in-the-Loop, On-Premises Deployment

I. INTRODUCTION

The financial sector plays an essential role in the achieve-
ment of the Sustainable Development Goals (SDGs) [1] by
directing investments toward companies that contribute to
ecological and social transitions (Table I).

Specifically, the EU Sustainable Finance Disclosure Regu-
lation (SFDR) [2] requires disclosure of non-financial criteria
to encourage transparent sustainable investments. However,
concerns remain about the credibility of these disclosures [3].

In addition to the regulatory landscape, the financial sec-
tor faces an increasing number of obligations. In practice,
investment managers spend a significant part of their time
on manual tasks to comply with these obligations [4]. These
activities distract them from their core competencies: portfolio
optimization and day-to-day asset management.

In fact, evaluating contributions to the SDGs is challenging,
as the goals mix quantitative and qualitative targets, making
consistent extraction of relevant information from text difficult.
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Thus, companies such as Clarity AI' and SESAMm?,
provide SDG-related insights using proprietary NLP models.
However, these platforms operate as closed, cloud-based ser-
vices, raising concerns for financial institutions about data-
privacy, explainability, and regulatory compliance.

In this paper, we introduce LétzSDG, a lightweight BERT-
based multiclass classifier® [5] designed to identify SDG-
related insights in textual data. As a result, LétzSDG is suitable
for on-premises deployment due to its limited size. Thus, it
integrates easily into investment workflow that involves human
oversight, enabling investment managers to assess companies’
contributions to the SDGs using internal or public documents
without exposing the latter to an external third-party service.

A key challenge in building such a classifier is the scarcity
of labeled training data. To address this, we design a data-
centric pipeline leveraging Large Language Models (LLMs)
to build a hybrid dataset that combines real-world texts with
synthetic samples. This approach improves the diversity of
training while preserving the precision of fine-tuned classifiers.

TABLE I: The 17 Sustainable Development Goals

SDG Description

SDG1 No Poverty

SDG2 Zero Hunger

SDG3 Good Health and Well-being
SDG4 Quality Education

SDGS5 Gender Equality

SDG6 Clean Water and Sanitation
SDG7 Affordable and Clean Energy
SDGS Decent Work and Economic Growth
SDGY Industry, Innovation and Infrastructure
SDG10 Reduced Inequalities
SDG11 Sustainable Cities and Communities
SDGI12 | Responsible Consumption and Production
SDG13 Climate Action
SDG14 Life Below Water
SDG15 Life on Land
SDG16 Peace, Justice and Strong Institutions
SDG17 Partnerships for the Goals

Uhttps://clarity.ai/one- platform
Zhttps://www.sesamm.com/esg-insights
3https://hf.co/google-bert/bert-base-uncased
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Fig. 1: Investment Decision Workflow. Overview of the human-in-the-loop process enabled by LétzSDG.

Our main contributions are thus fourfold:

o A data-centric pipeline to build a hybrid training dataset
that leverages multiple LLMs to combine real-world and
synthetic samples for SDG classification tasks.

o LEtzSDG, a multiclass BERT-based classifier that can be
integrated on-premises into human-in-the-loop investment
workflows. The full method is presented in this paper to
promote transparency in line with the EU Al Act. Both
the model and the hybrid training dataset are publicly
available on Hugging Face*.

o A transparent and reproducible evaluation on two public
datasets, the OSDG Community Dataset (OSDG-CD) [6]
and the SDG Integration Corpus (SDGi Corpus) [7],
demonstrating a strong generalization to unseen data.

e A comparative analysis of our model against SDG-
specific solutions, a strong NLI-based zero-shot baseline,
and open or closed-source general-purpose LLMs.

Developed in collaboration with Banque de Luxembourg’,
LétzSDG is tailored for real-world deployment in highly
regulated financial environments. One of the co-authors, affil-
iated with the bank through an academic-industry partnership,
worked closely with domain experts from the same institution
to ensure regulatory alignment and practical relevance.

The paper is structured as follows. Section II describes the
industrial use case. Section III details L&tzSDG. Section IV
presents our experimental setup, and Section V reports the
comparative results. We conclude the paper in Section VI.

II. CASE STUDY EXAMPLE

Although LétzSDG is not specific to any SDG, this section
illustrates the workflow on SDG 5 (Gender Equality). Assess-
ing it relies on sensitive internal documents-like HR policies,
board minutes, and due diligence reports-which cannot be
processed via external cloud services due to confidentiality.

To address these limitations, LétzSDG is built for on-
premises deployment and supports an end-to-end investment
decision workflow. As highlighted in Fig. 1, during document
ingestion internal and public documents are uploaded followed
by text preprocessing to clean and segment the content. Then,
LétzSDG can identify text extracts related to SDG 5, such as
mentions of equal pay, or leadership diversity.

“https://hf.co/collections/Irsbrgrn/letzsdg
Shttps://banquedeluxembourg.com

Once done, Insight consolidation aggregates these classi-
fications at the document and company levels, linking them
back to their original text sources to maintain traceability.
This enables structured comparisons between companies and
reports. These insights are then exposed through an analy?-
ics and dashboard layer, allowing investment managers to
examine SDG coverage and trends over time or portfolios.
Finally, the investment committee reviews the results in the
form of structured traceable evidence. These insights inform
investment managers’ decisions by clearly indicating how
company practices are related to SDG 5. Consequently, all
model outputs are reviewed by the investment committee.

Thus, our workflow aligns with the observation of the
European Securities and Markets Authority (ESMA) [3] that
SDG funds often require the assembly of information from
multiple textual sources, making the assessment challenging.
LétzSDG bridges this gap by converting internal or public
documents into structured, traceable, and auditable evidence,
with human oversight, while remaining on-premises to comply
with financial-sector requirements.

III. METHOD
A. LétzSDG Overview

LétzSDG is a multiclass BERT model fine-tuned for SDG
classification. It classifies text into one of the 17 SDGs.
BERT was chosen for its efficiency and real-world suitability.
Fine-tuned Small Language Models (SLMs) often outperform
general-purpose LLMs in domain-specific tasks [8], making
BERT well-suited for low-resource computing environments.

The performance of LLMs is closely linked to both the size
and the quality of the training data [9]. This paper focuses
on a data-centric pipeline to build a relevant dataset before
training a task-specific classifier, as shown in Fig. 2.

Thus, we built a hybrid training dataset starting with data
from the FineWeb dataset [10]. To extract SDG-relevant con-
tent, we applied keyword filters from the University of Auck-
land (UoA) [11] and the Joint Research Centre (JRC) [12],
extended with LLM-generated synonyms. This leads to a set
of 17 filters, one per SDG, to extract up to 3,000 texts per goal,
yielding 51,000 real samples. However, to improve reliability,
the extracts were annotated by multiple LLMs. For a given
extract, if and only if they all agree on the same SDG, it is
kept to minimize individual model biases.
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Fig. 2: Hybrid Dataset Construction Pipeline. Workflow for building the hybrid dataset and fine-tuning LétzSDG.

However, the samples are imbalanced across SDGs. To
mitigate this, the same LLLMs generate synthetic samples via
data augmentation, varying tone, length, and style. The final
hybrid dataset, which combines real and synthetic texts, is
finally used to fine-tune BERT for the SDG classification.

Finally, LétzSDG is designed to operate from any textual
source (internal or public), such as regulatory disclosures,
company reports, and internal HR documents; extending to
tables and figures is deferred to future multimodal versions.
We emphasize that this is an explicit design choice to first
validate a robust text-only classifier.

Importantly, LEtzZSDG is not an automated compliance ver-
ification system, it surfaces SDG-related spans that remain
linked to their source documents and are reviewed by the
investment committee, ensuring auditable, governance-aligned
workflows that enhance transparency.

B. Preliminary Data Selection

As highlighted earlier, we first need to build a base of rele-
vant text extracts by searching real-world data using keywords.
Keyword-based Filters. Manually validated keywords
(MVKs) often lack vocabulary diversity due to human bias.
To enhance coverage, we used ten distinct LLMs to generate
synonyms [13]. Given an MVK £ associated with an SDG
from UoA or JRC, an LLM a generates a synonym syn?(k)
(Appendix A). Together, they form the new set of keywords
for a given SDG.

Formally, let LLM s denote the set of all LLMs used, this
results in SDGY as the set of keywords for SDG ¢, with
a € MVK,LLMs and 7 € 1,...,17. To ensure validity, only
keywords generated by all LLMs are retained. The final set of
LLM-generated terms for SDG i is SDGELMs,

Then, the complete keyword set is defined as:

SDGiLetZSDG —_ SDGiWVK U SDGiLLJWS (1)

This forms the 17 keyword-based filters to accurately keep
relevant SDG-related information in a set of texts. In addition,
NLP filters (e.g., removing duplicates, converting plurals to
singulars) are applied.

FineWeb as the Foundation. Our keyword filters are applied
to FineWeb [10], a high-quality and large-scale open dataset
created by crawling web sources.

Specifically, we used the 10TB sample®, denoted Dy, and
applied a length filter f; to meet BERT’s 512-token limit:

As FineWeb is domain-agnostic, our 17 keywords allow to
extract SDG-relevant samples. For each SDG;, we collect a
result set r; and randomly sample 3,000 items, defined as:

17
D'={Jr, |D'|=51,000 (3)

i=1
C. Training Dataset Construction

Multi-LLM Consensus Annotation. While keyword filtering
identifies SDG-relevant segments, it lacks precision in label-
ing [13]. To improve label quality without human annota-
tion [14], we use a consensus strategy across an ensemble
of three LLMs: Qwen2.5-32B [15], Gemma 3-27B [16], and
Mistral Small 3.1-24B [17]. Each model predicts SDG labels
in a Zero-Shot (ZS) setting [18], using a structured JSON
prompt [19] (Appendix C). ZS was adopted to take advantage
of pre-trained knowledge of the models, eliminating the need
for curated examples.

We define the consensus as D} = {z € D’ | fi(z) =
fa(x) = f3(x) =i}, where fi(z) is the label from LLM k.
Thus, only samples with full agreement are retained for SDG 1.

Shttps://hf.co/datasets/HuggingFaceFW/fineweb



The resulting dataset is unbalanced, with SDG 3 having

4,157 samples and SDG 17 only 92 while the class imbalance
is known to degrade BERT performance and will therefore
have a negative impact on LEtzSDG [20].
Multi-LLM Data Augmentation. To address the problem
mentioned above without an excessive generation cost [21],
we combine raw and synthetic data using Data Reformation
(DR) [22]. An ensemble of LLMs (Mistral Small 3.1-24B,
Gemma 3-27B, Qwen2.5-32B) reformulate samples into more
diverse forms [23], [24].

With SDG 3 as the majority class (|D5| = 4,157), the
number of synthetic samples needed for each class SDG; is:

We select m(SDG;) existing samples for each D} except
DY and each is reformed using a random prompt (Appendix B)
and a random temperature in [0.2, 0.7]. Each LLM generates
one third of the synthetic samples, capturing variation in tone,
style, and length [25], [26]. The final balanced dataset Dppy
combines raw and synthetic samples in variable proportions
across SDGs as shown in Fig. 3.
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Fig. 3: Data distribution in the training dataset

D. Fine-tuning

Using the hybrid dataset, a model can be fine-tuned to
classify new text extracts among the SDGs. To achieve this,
we perform standard supervised fine-tuning. We do not dis-
till model weights from a teacher model; our BERT-based
classifier is an SLM fine-tuned for our specific task to reach
performance of the LLM ensemble used for label consen-
sus annotation. Moreover, previous work shows that LLM-
generated labels can rival human quality [27].

The model is fine-tuned on 3 epochs (batch size: 16). Mixed-
precision (bfloat16) reduced memory usage. Optimization used
AdamW (Ir: 2 x 10~°, weight decay: 0.01) and 10% warm-
up. Inputs were truncated to 512 tokens, and evaluation was
performed after each epoch. Full training parameters are
provided in the Appendix D.

IV. EXPERIMENTAL SETUP

Validation Set. To assess generalization and ensure repro-
ducibility, we use two public datasets solely for evaluation:
OSDG Community Dataset (OSDG-CD) [6] and SDG Integra-
tion Corpus (SDGi Corpus) [7]. Thus, all reported experiments
use exclusively public datasets; therefore, no confidential or
internal documents were used.

OSDG-CD includes 43,010 English excerpts, each labeled
with a single SDG. We randomly sampled 1,000 texts with
an agreement_score > 0.75. Since SDG 17 is missing from
OSDG-CD, we expanded the validation set with 869 additional
samples from the SDGi Corpus but only English, single-label
texts with lengths below 512 tokens.

The resulting validation set contains 1,869 samples. The
17 SDGs are represented but in an unbalanced manner (e.g.,
n(SDG 5) = 183, n(SDG 17) = 54; Fig. 4).
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Fig. 4: Distribution of classes in the validation set

Baseline Methods. We compared LétzSDG with SDG-specific
solutions, NLI-based ZS classifier, and general-purpose LLMs.
Among SDG-specific solutions, SDG Mapper [12] is keyword-
based, while Aurora [28] and Elsevier [29] use mBERT.

To foster a fair comparison, we include BART-Large-MNLI’
as a strong ZS NLI baseline. We use the 17 SDG class codes
(e.g., SDG_1_NO_POVERTY) as candidate labels and select
the label with the highest entailment score.

For general-purpose LLMs, we tested five open models
(Llama3.2-3B, Llama3.1-8B [30], Mistral Small 3.1-24B [31],
Gemma 3-27B [16], Qwen2.5-32B [32]) and four closed
models (Claude 3.5 Haiku [33], Mistral Large 2 [17], GPT-
3.5 [34], GPT-4o [35]).

All LLMs were evaluated in the ZS setting to align with the

consensus-labeling step using prompt in the Appendix C. We
excluded ZS-CoT [36] due to its limited impact on smaller
models and its higher inference cost [37].
Hardware and Energy Profile. We trained L&étzSDG on a
T4 GPU (70W TDP) for 2.5 hours, consuming 0.17 kWh
and emitting an estimated 0.05 kgCOqeq, as calculated by the
Machine Learning Impact Calculator (MLIC) [38].

"https://hf.co/facebook/bart-large-mnli



V. RESULTS
A. Model Evaluation

Performance Comparison. Table II reports macro-F1 scores
for SDG-specific solutions, ZS-NLI classifier, open and closed
LLMs, and LétzSDG. To ensure a fair comparison, we rely
on the SDG with the highest prediction from the multi-label
classifiers (i.e., SDG Mapper and Elsevier), aligning with our
multiclass validation setup.

L&tzSDG outperforms all SDG-specific solutions, with gains
of up to +32 FI points. Regarding the ZS-NLI classifier,
LétzSDG also performs better (+29). Among open LLMs,
models such as Mistral Small (24B), Gemma 3 (27B), and
Qwen2.5 (32B) achieve top scores, while others such as Llama
3.2 (3B) and Llama 3.1 (8B) perform moderately. With only
110M parameters, LeétzSDG matches or exceeds several open
LLMs and falls just 2-3 points behind the most accurate ones.

Closed LLMs (GPT-3.5, GPT-40, Claude 3.5 Haiku, Mistral
Large 2) achieve the highest scores (0.88-0.91), but LétzSDG
remains only 3-6 points behind. However, benchmark contam-
ination may affect the results of closed models [39].

In general, Lé&tzSDG performs strongly, highlighting
the potential of compact, task-specialized SLMs to rival
general-purpose LLMs. Furthermore, fine-tuning LétzSDG on
keyword-annotated data yields an F1 macro of 0.64 (-0.21)
while using only raw data achieves 0.81 (-0.04). On the
minority SDG 17 class, Fl-macro improved from 0.29 (raw)
to 0.72 (hybrid), demonstrating that balancing training dataset
strongly benefits the underrepresented classes.

TABLE II: Macro F1-scores across all evaluated methods

Type Method Params | Fl-score
SDG Mapper NA 0.65
SSechic Aurora 168M 0.59
Elsevier 168M 0.53
7ZS-NLI | BART-Large-MNLI 407M 0.56
Llama 3.2 3B 0.68
Llama 3.1 8B 0.81
LOLp&‘l Mistral Small 3.1 24B 0.84
Gemma 3 27B 0.88
Qwen 2.5 32B 0.87
Claude 3.5 Haiku - 0.88
Closed | Mistral Large 2 123B 0.88
LLMs GPT-3.5 175B 0.88
GPT-4o - 0.91
Our LétzSDG 110M 0.85

Efficiency Evaluation. We define efficiency as the ratio
between the divided Fl-score and the size of the model (in
billions of parameters). SDG Mapper is excluded due to its
non-LLM, keyword-based approach; Claude 3.5 Haiku and
GPT-40 are omitted as their sizes are unknown.

LétzSDG achieves an efficiency score of 7.73, outper-
forming all other approaches. Among SDG-specific solutions,
Aurora (3.51) and Elsevier (3.15) achieve less than half of
this performance. Regarding BART-Large-MNLI (1.38), its
efficiency is nearly six times lower than that of LétzSDG.

General-purpose LLMs perform significantly worse: Llama
3.2 (3B) and 3.1 (8B) score just 0.23 and 0.10. Larger models
like Mistral Small 3.1 (24B), Gemma 3 (27B), and Qwen2.5

(32B) yield Fls of 0.84-0.88, but with efficiencies near 0.03.
Mistral Large (123B) and GPT-3.5 (175B) drop to just 0.005.
As shown in Fig. 5, the largest models provide only
marginal performance gains. In contrast, Lé&tzZSDG achieves
near-top-tier accuracy with just 110M parameters, combining
efficiency and performance through design rather than scale.
For example, on a MacBook M3, LétzSDG processed the
evaluation dataset (1,869 texts) in 66.5 seconds, about 0.036
seconds per sample, demonstrating that it can operate effi-
ciently even in low-resource computing environments.
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Fig. 5: Effect of model size on performance

Variations Across SDGs. We evaluate the performance vari-
ability of L&tzSDG across the SDGs. As shown in Fig. 6,
LEtzSDG shows consistent strong performance across a wide
range of SDGs. In contrast, SDG-specific solutions, ZS-NLI
(Fig. 6a) and open LLMs (Fig. 6b) exhibit greater variability.

LétzSDG performs competitively with closed LLMs
(Fig. 6¢) except for SDG 17.

In general, LétzSDG offers a robust, balanced alternative,
outperforming SDG-specific solutions in performance and
consistency. While closed LLMs may excel on some SDGs,
they come with higher usage costs and larger model sizes.

B. Hybrid Dataset Evaluation

The hybrid dataset construction is the core component
of LétzSDG. This section validates its two key steps: SDG
labeling of real texts and generation of synthetic samples.
Human-LLM Annotation Alignment. First, we evaluated if
the annotated labels by LLM align with human judgments.
We sampled 170 examples across the 17 SDGs (10 per goal)
and split them into two subsets: a consensus subset, where all
three LLMs agreed on the SDG label, and a non-consensus
subset, where only one model assigned a label and the others
disagreed. Two human annotators independently reviewed a
random, non-overlapping set of examples, giving a Yes or No
judgment on SDG correctness for the input text.

Human agreement with LLM-annotated labels was mea-
sured as the proportion of examples judged correct. Agreement
was significantly higher in the consensus subset (88.24%)
compared to the non-consensus subset (41.18%), indicating
that multi-LLM consensus improves the reliability of the label.
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Fig. 6: Fl-score variations across the 17 SDGs comparing SDG-specific and ZS-NLI baselines, open and closed LLMs.

Quality Analysis of Synthetic Data. To assess the quality of
synthetic data relative to their corresponding raw examples,
we applied G-Eval [40], which evaluates Relevance (Rel),
Coherence (Coh), and Consistency (Con) (each on a 1-5 scale),
and Fluency (Flu) (on a 1-3 scale). Unlike traditional metrics
such as ROUGE [41], G-Eval has demonstrated significantly
stronger correlation with human judgment [42].

SDG 3 was excluded as no synthetic data was generated
for it. We observed consistently high quality in the syn-
thetic data. Relevance, Coherence, and Consistency scores are
tightly clustered near the upper bounds, reflecting contextual
alignment with their raw data, logical structure, and factual
consistency. Fluency scores are uniformly high, confirming
that the synthetic texts are clear and well-formed (Table III).

However, SDG 8 falls below the top tier, contributing to the
downstream performance trends observed in Section V-A, and
identifying this goal as a candidate for further refinement.

TABLE III: Synthetic data analysis using G-Eval

SDGs Rel | Coh | Con | Flu | Avg.
SDGI 435 | 423 | 455 | 297 | 4.02
SDG2 431 | 423 | 434 | 298 | 3.96
SDG3 - - - - -

SDG4 428 | 428 | 452 | 3.00 | 4.02
SDG5 440 | 433 | 451 | 299 | 4.06
SDG6 437 | 428 | 455 | 297 | 4.04
SDG7 439 | 427 | 451 | 299 | 4.04
SDG8 4.17 | 4.11 | 427 | 297 | 3.88
SDG9 429 | 429 | 441 | 297 | 3.99
SDGI0 | 437 | 423 | 451 | 298 | 4.02
SDGI11 | 420 | 423 | 426 | 298 | 3.92
SDGI12 | 443 | 434 | 451 | 298 | 4.07
SDGI13 | 440 | 429 | 445 | 297 | 4.03
SDG14 | 439 | 430 | 455 | 296 | 4.05
SDGI15 | 431 | 423 | 451 | 296 | 4.00
SDG16 | 4.09 | 400 | 427 | 291 | 3.82
SDG17 | 429 | 426 | 449 | 297 | 4.00

Evaluating Semantic Coherence. We also semantically com-
pared raw and synthetic samples using embeddings from
nomic-embed-text-v1.5% and measuring cosine similarity.

8https://hf.co/nomic-ai/nomic-embed-text-v1.5

The raw texts showed clearer separation (0.45-0.53) com-
pared to the synthetic texts (0.49-0.57), suggesting weaker
boundaries between classes. We then applied t-SNE to assess
semantic consistency within each SDG class. We observed
that synthetic texts formed tighter and more coherent clusters
within each class than raw texts (Fig. 7).

These results indicate our hybrid generation pipeline slightly
reduces inter-class semantic separation but improves intra-
class coherence. This makes the hybrid dataset suitable for
SDG-related tasks that require semantically consistent data.
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VI. CONCLUSION

We presented LEtzSDG, a 110M-parameter multiclass
BERT-based model for SDG text classification, fine-tuned
through a data-centric pipeline that leverages LLMs for do-
main keyword expansion, multi-LLM consensus labeling, and
data reformation. On a public validation set, LétzSDG out-
performs SDG-specific solutions and a strong zero-shot NLI
baseline. It matches or surpasses several open LLMs and rivals
much larger closed models, achieving comparable accuracy at
a fraction of their size.

Our approach demonstrates the value of using LLMs for
data creation rather than inference, leveraging them to build
high-quality, domain-specific datasets that enable lightweight
models to achieve near-LLM performance in low-resource
environments. Because inference runs locally and predictions
are span-linked, LétzSDG fits on-premises human-in-the-loop
finance workflows, providing auditable traceability aligned
with regulatory and reporting standards.

Beyond SDGs, this workflow offers a reproducible blueprint
for financial NLP: curate and balance domain data using
LLMs, then deploy lightweight, auditable models that integrate
seamlessly into investment decision workflows while meeting
operational and data-privacy requirements.

VII. FUTURE WORK

Our next steps target four priorities: (i) we will rebalance
the hybrid dataset, improving the ratio of synthetic texts,
especially for low-resource goals such as SDG 17. In addition,
(i) we aim to sharpen class boundaries by adding stronger
semantic filters that reduce overlaps between SDG categories,
and (iii) we plan to expand LétzSDG beyond the English text,
introducing multilingual models such as mBERT®.

Finally, we will (iv) extend to multimodal evidence (tables,
figures, charts) via a lightweight OCR and table parser.

LIMITATIONS

Bias and Fairness. The hybrid training dataset is based on
labels derived from a multi-LLM consensus approach. Al-
though consensus improves consistency, it can also introduce
biases present in the underlying language models, particularly
for culturally nuanced SDGs. Bias audits (e.g., comparing
prediction distributions across sectors) should be addressed.
Human Feedback and Adaptation. Although experts were
included during development, the workflow currently lacks a
reinforcement learning from human feedback (RLHF) loop.
This could help align the model predictions with evolving
regulatory requirements and internal investment strategies.
Reproducibility and Data Access. While evaluated on public
datasets, it goes without saying that confidential internal
documents cannot be released. To improve reproducibility, we
provide prompts, hyperparameters, and our evaluation dataset.
Governance and Model Lifecycle. As the SFDR regulation
and Al Act evolve, long-term model governance, including
continuous monitoring, calibration and retraining, remains
beyond the scope of this study.
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APPENDIX

A. Prompt Template : Synonym Generation

{

'instructions': [

'T am asking you to play the role of
English translator. I am going to give you
a keyword and I want you to generate 3
different synonyms. I do not want any
explanations, formatting or even acronyms
or abbreviations, just a text that
everyone can understand.’',

'Synonyms must follow the following
output format: [synonyml, synonym2,
synonym3]."',

'T want the synonyms I require and
nothing else.'

1,
'keyword': '<keyword>',
'output': '!'

B. Prompt Template : Data Reformation

TABLE IV

Prompt Instruction

formal_rewrite Rephrase the following text
using formal, professional
language suitable for an
academic or institutional
context. Ensure the rewritten
version highlights themes

related to <SDG>: <text>

simpli fied_technical_summary | Convert the following text into
a simplified explanation,
suitable for a general educated
audience, while keeping the
focus on topics related to

<SDG>: <text>

third_person_perspective Rewrite the following text from
a third-person perspective,
avoiding personal references.
Emphasize aspects related to

<SDG>: <text>

analytical_style Reformulate the following text
in an analytical, data-driven
style, ensuring it connects to the

theme of <SDG>: <text>

narrative_compression Transform the following text
into a tightly focused,
information-dense paragraph
that prioritizes key ideas. Make
sure it remains centered on the

topic of <SDG>: <text>

descriptive_expository_style Rewrite the following text in a
descriptive, expository style.

Focus on presenting clear facts
and details related to <SDG>:

<text>

formal_comparative_framing Reframe the following text to
include comparison or contrast
where possible. Highlight its

relevance to <SDG>: <text>

objective_policy_brief_style Recast the following text in the
style of a policy brief using
neutral language. Emphasize
themes that align with <SDG>:

<text>




C. Prompt Template : Training-Label Generation

{
'instructions': [

'Classify the following text into
only one of the categories related to the
Sustainable Development Goals (SDGs).',

'Use the category definitions below
to guide your classification.',

'Only return the SDG category name
(e.g., SDG_4_QUALITY_EDUCATION), without
explanations or any additional text.',

'Category: SDG_1_NO_POVERTY -
Definition: End poverty in all its forms
everywhere. ',

'Category: SDG_2_ZERO_HUNGER -
Definition: End hunger, achieve food
security and improved nutrition, and
promote sustainable agriculture.',

'Category:
SDG_3_GOOD_HEALTH_AND_WELL_BEING -
Definition: Ensure healthy lives and
promote well-being for all at all ages.',

'Category: SDG_4_QUALITY_ _EDUCATION -
Definition: Ensure inclusive and equitable
quality education and promote lifelong
learning opportunities for all.',

'Category: SDG_5_GENDER_EQUALITY -
Definition: Achieve gender equality and
empower all women and girls.',

'Category:
SDG_6_CLEAN_WATER_AND_SANITATION -
Definition: Ensure availability and
sustainable management of water and
sanitation for all.',

'Category:
SDG_7_AFFORDABLE_AND_CLEAN_ENERGY -
Definition: Ensure access to affordable,
reliable, sustainable and modern energy
for all."',

'Category:
SDG_8_DECENT_WORK_AND_ECONOMIC_GROWTH -
Definition: Promote sustained, inclusive
and sustainable economic growth, full and
productive employment and decent work for
all.’',

'Category: SDG_9_INDUSTRY_INNOVATION_

AND_INFRASTRUCTURE - Definition:
Build resilient infrastructure, promote
inclusive and sustainable
industrialization and foster innovation.',

'Category:
SDG_10_REDUCED_INEQUALITIES - Definition:
Reduce inequality within and among
countries.',

'Category:
SDG_11_SUSTAINABLE_CITIES_AND_COMMUNITIES
- Definition: Make cities and human
settlements inclusive, safe, resilient and
sustainable.',

'Category:
SDG_12_RESPONSIBLE_CONSUMPTION_

AND_PRODUCTION - Definition: Ensure
sustainable consumption and production
patterns.',

'Category: SDG_13_CLIMATE_ACTION -
Definition: Take urgent action to combat

climate change and its impacts.',

'Category: SDG_14_LIFE_BELOW_WATER -
Definition: Conserve and sustainably use
the oceans, seas and marine resources for
sustainable development.',

'Category: SDG_15_LIFE_ON_LAND -
Definition: Protect, restore and promote
sustainable use of terrestrial ecosystems,
manage forests sustainably, combat
desertification, and halt biodiversity
loss.',

'Category: SDG_16_PEACE_JUSTICE_

AND_STRONG_INSTITUTIONS - Definition:
Promote peaceful and inclusive societies,
provide access to justice for all, and
build effective, accountable institutions
at all levels.',

'Category:
SDG_17_PARTNERSHIPS_FOR_THE_GOALS -
Definition: Strengthen the means of
implementation and revitalize the global
partnership for sustainable development.'

1,
'text': '<text>"',
'classification': "'

D. BERT Training Parameters

TABLE V
Parameters Values
batch_size 16
Ir 2e-5
max_seq_length 512
optimizer adamw_torch
weight_decay 0.01
scheduler cosine
warmup_ratio 0.1
epochs 3
mixed_precision bf16
eval_strategy epoch
auto_find_batch_size false
gradient_accumulation 1
logging_steps -1
max_grad_norm 1
save_total_limit 1
seed 42




TABLE VI: Per-class analysis of method performance across SDGs (precision / recall)

(a) SDG 14
Type | Method SDG 1 SDG 2 SDG 3 SDG 4
spG | SDG Mapper 0.6370.77 | 0.8270.68 | 0.8870.65 | 0.79 /045
Specific | Aurora 0.41/0.86 | 0.65/0.77 | 0.83/0.35 | 0.91/0.47
Elsevier 0.30/0.94 | 0.71/0.63 | 074/0.17 | 0.86/0.82
ZS'NLI | BART Large- MNLI | 0417058 | 0.74 7032 | 0.6670.76 | 0.89 / 0.48
Llama 3.2 0847063 | 0967068 | 0.8870.76 | 0.76 7/ 0.89
Open | Llama 3.1 0.73/0.93 | 0.98/0.73 | 0.93/0.91 | 0.69/0.95
Lines | Mistral Small 3.1 | 0.80/0.93 | 0.91/095 | 0.99/095 | 0.86/0.93
Gemma 3 0.84/0.93 | 0947093 | 0.99/096 | 0.91/0.97
Qwen2.5 079 /0.94 | 0.90/0.91 | 0.96/0.96 | 0.90 /0.96
Claude 3.5 Haiku | 0.7870.98 | 0.9670.81 | 0.9670.96 | 0.9170.97
Closed | Mistral Large 2 0.84/0.93 | 0.93/0.93 | 0.95/0.97 | 0.90/0.95
LLMs | GPT-3.5-Turbo 0.84/0.93 | 0.86/091 | 0.95/0.97 | 0.91/0.95
GPT-4o 0.87/0.93 | 0.95/0.93 | 0.99/095 | 0.92/0.96
Our | LézSDG 0737092 | 0867094 | 0957091 | 0.8970.95
(b) SDG 5-8
Type | Method SDG 5 SDG 6 SDG 7 SDG 8
spG | SDG Mapper 0967044 | 0847075 | 0.8070.67 | 0427065
Specific | Aurora 0.78/0.78 | 0.77/0.74 | 0.87/0.63 | 0.34/0.80
Elsevier 0787076 | 0.77/0.75 | 0947034 | 022/0.54
ZSNLI | BART Large MNLI | 0.9170.66 | 0917059 | 0637044 | 02770.74
Llama 3.2 0957078 | 0647082 | 0.9170.70 | 0.74 7053
Open | Llama 3.1 0.94/0.89 | 0.85/0.88 | 0.91/0.79 | 0.41/0.82
Lims | Mistral Small 3.1 0.95/0.89 | 0.91/091 | 0.94/094 | 0.78 /0.78
Gemma 3 0.95/0.90 | 0.90/0.90 | 0.91/0.87 | 0.54/0.84
Qwen2.5 0.94 /091 | 0.92/0.90 | 0.91/0.93 | 0.56/0.80
Claude 3.5 Haiku | 0.9570.90 | 0.9470.90 | 0.9470.90 | 0.5970.81
Closed | Mistral Large 2 0.96/0.89 | 0.90/0.90 | 0.94/0.87 | 0.65/0.80
LLMs | GPT-3.5-Turbo 0.95/0.85 | 0.84/0.97 | 0.94/090 | 0.61/0.88
GPT-4o 0.96/0.93 | 0947091 | 0.96/0.93 | 0.77/0.84
Our | LézSDG 0947090 | 0857093 | 0927090 | 0.6470.80
(c) SDG 9-12
Type | Method SDG 9 SDG 10 SDG 11 SDG 12
spG | SDG Mapper 0877041 | 0627037 | 0.787051 | 0.8870.70
Specific | Aurora 0.60 /0.55 | 0437025 | 0.62/0.56 | 0.50 /0.50
Elsevier 078 /0.40 | 0.23/0.16 | 0.57/0.55 | 0.59 /0.64
ZSNLI | BART Large MNLI | 0.657046 | 0507039 | 0.50 7046 | 0.4470.65
Llama 3.2 0547070 | 0.6170.75 | 0.757050 | 04770382
Open | Llama 3.1 0.82/0.52 | 0.95/0.63 | 0.82/0.74 | 0.88/0.83
Lims | Mistral Small 3.1 0.92/0.78 | 0.85/0.78 | 0.77/0.87 | 0.91/0.83
Gemma 3 0.84/0.74 | 0.87/0.68 | 0.86/0.84 | 0.94/0.86
Qwen2.5 0.92/0.70 | 0.90/0.75 | 0.86/0.81 | 0.94/0.83
Claude 3.5 Haiku | 0.8670.79 | 0.92/0.70 | 0.87/0.82 | 0.93 /0288
Closed | Mistral Large 2 0.86/0.82 | 0.85/0.75 | 0.77/0.93 | 0.93/0.78
LLMs | GPT-3.5-Turbo 0.83/0.85 | 0.91/0.71 | 0.83/0.81 | 0.84/0.88
GPT-40 0.89/0.82 | 0.87/0.81 | 0.85/0.94 | 0.87/0.89
Our | LéuzSDG 08270.74 | 0.8570.66 | 0.7670.75 | 0.9170.84
(d) SDG 13-17
Type | Method SDG 13 SDG 14 SDG 15 SDG 16 SDG 17
spG | SDG Mapper 0887075 | 0987063 | 0947077 | 0.867067 | 0.8270.59
Specific | Aurora 076 /0.68 | 0.78/0.40 | 0.74/0.64 | 0717052 | 0.23/0.74
Elsevier 0.46 /049 | 0.69/0.90 | 0.9370.64 | 0.52/0.77 | 0.00/0.00
ZS'NLI | BART Large MNLI | 0.6070.84 | 0597041 | 0427056 | 0687055 | 05970.76
Llama 3.2 0477089 | 1.00/0.67 | 1.00 /043 | 0.7170.73 | 0.88 7 0.81
Open | Llama 3.1 075/0.83 | 1.00/0.78 | 0.94/0.77 | 0.80/0.85 | 0.81/0.89
LLms | Mistral Small 3.1 | 0.88/0.92 | 1.00/0.90 | 0.95/095 | 0.88/092 | 0.89/091
Gemma 3 0.87/0.90 | 1.00/0.90 | 0.95/0.92 | 0.88/0.92 | 0.76 / 0.94
Qwen2.5 0.86/0.84 | 1.00/0.84 | 0927095 | 0.88/0.89 | 0.72/0.94
Claude 3.5 Haiku | 0.88 /091 | 1.00/0.92 | 0957093 | 0.877095 | 0.8170.94
Closed | Mistral Large 2 0.87/0.93 | 0.99/0.90 | 0.95/0.92 | 0.92/0.87 | 0.89/0.91
LLMs | GPT-3.5-Turbo 0.89/0.88 | 0.97/0.92 | 0.99/0.85 | 0.94/0.89 | 0.86/0.91
GPT-4o 0.88/0.92 | 1.00/0.92 | 0.97/092 | 0.88/0.93 | 0.84/0.94
Our | LéwzSDG 0.7970.85 | 0997090 | 0977092 | 0.9270.80 | 0.6670.80




