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Abstract. Climate-risk evidence in ESG reports is often distributed
across narrative text, KPI tables, targets, and governance disclosures,
making block-level extraction difficult under limited annotation. We pro-
pose a resource-aware framework that combines rule-based weak super-
vision, selective multimodal teacher refinement, and compact student
models. ESG PDFs are parsed into a report—page—block corpus, and ini-
tial labels are generated using keyword and heuristic rules. Qwen2.5-VL
reviews only 1,000 ambiguous blocks using the page image and block
text; accepted outputs are merged with a manually corrected gold sub-
set. We compare TF-IDF and DistilBERT under weak-only, weak-+gold,
weak+LLM, and weak-+LLM+ gold supervision using a company-level
gold-only test set. TF-IDF is a strong low-cost baseline, whereas Distil-
BERT benefits most from improved supervision. The best weak+LLM
+gold DistilBERT model reaches 0.8694 macro-F1 on 102 gold test blocks,
compared with 0.8459 for TF-IDF. The results indicate that multimodal
LLMs are most useful as selective supervision refiners, while compact
models remain suitable for efficient deployment.

Keywords: ESG document analysis - climate-risk extraction - weak su-
pervision - multimodal VLM - resource-aware learning

1 Introduction

Climate-risk disclosure is increasingly important in ESG and sustainability re-
porting. Frameworks such as TCFD, IFRS S2, and the Greenhouse Gas Pro-
tocol encourage companies to report governance, strategy, risk management,
emissions, and targets [4,1, 10, 6,8|. However, relevant evidence is rarely pre-
sented in a standardized form. It is distributed across long reports containing
paragraphs, tables, KPI summaries, targets, and governance sections, making
climate-risk extraction a document-intelligence problem rather than a conven-
tional document-level classification task.

A single ESG page may contain emissions values, physical-risk statements,
and governance disclosures. Flattening such pages into plain text can remove
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Fig.1. Proposed framework. Weak labels are selectively refined by a multimodal
teacher, merged with corrected gold labels, and used to train efficient student models
evaluated on a gold-only split.

useful visual and layout context, while fully manual block-level annotation is
expensive. Prior document models show the value of combining text, layout,
and visual information [18,17, 7], but deploying large multimodal models across
complete report collections remains costly.

We therefore investigate whether a multimodal LLM can be used selectively
during supervision construction rather than during inference. As shown in Fig. 1,
the pipeline parses ESG reports into report, page, and block units; assigns weak
labels using rules; asks a vision-language teacher to review ambiguous blocks;
and trains sparse or compact student models on the resulting labels. This follows
weak-supervision principles in which scalable but noisy labeling functions are im-
proved using limited high-quality supervision [13,11,12,15]. The task contains
seven classes: physical risk, transition risk, emissions metric, target commitment,
adaptation/mitigation action, governance/risk management, and non-climate.
We compare TF-IDF with logistic regression and DistilBERT under four super-
vision settings. The contributions of this paper are as follows:

1. We present a practical end-to-end framework for block-level climate-risk sig-
nal extraction from ESG documents, combining corpus construction, weak
supervision, multimodal teacher refinement, and efficient student training.

2. We construct a hierarchical supervision resource at the report, page, and
block levels, supporting weak labels, corrected gold labels, and LLM-assisted
label refinement.

3. We provide a controlled comparison of sparse, compact transformer, and
LLM-assisted student settings under a company-level gold-only evaluation
protocol.

4. We provide pilot evidence that selective multimodal teacher assistance is
most effective as a supervision refinement mechanism, enabling a compact
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student to improve over strong sparse baselines while preserving resource-
aware deployment.

2 Related Work

Research on ESG analytics has expanded rapidly, particularly in document clas-
sification, retrieval, question answering, and long-context report understanding.
Domain-specific models such as ClimateBERT demonstrate the benefit of adapt-
ing language representations to climate terminology and disclosure patterns [16,
3]. Recent ESG benchmarks further reflect growing interest in large-language-
model understanding of sustainability reports [5, 19].

Visually structured ESG reports present challenges beyond plain-text classi-
fication because paragraphs, tables, KPI boxes, captions, and headings often ap-
pear on the same page. Relevant climate-risk information may therefore depend
on both textual and visual context. LayoutLM, LayoutLMv2, and LayoutLMv3
demonstrate that jointly modeling text, layout, and visual information improves
visually rich document understanding [18, 17, 7].

Weak supervision reduces annotation costs by generating labels from noisy
rules and heuristics. Data programming combines such signals into scalable train-
ing resources [13, 11], while later work extends this approach through multi-task
supervision and automated labeling-signal discovery [12,15]. Building on these
directions, our framework combines rule-based weak labels with a small corrected
gold subset and selective multimodal refinement, where the teacher reviews only
uncertain or difficult blocks.

3 Corpus and Supervision

3.1 Corpus Construction

The corpus contains 51 publicly available ESG, sustainability, climate, impact,
and selected annual reports with substantial environmental disclosure content.
Each PDF is organized hierarchically at the report, page, and block levels. Native
PDF parsing is used as the primary text-extraction method because many ESG
reports contain embedded text layers. Each page is also rendered as an image,
while OCR is used only when native text extraction fails or when a page is
image-only.

The final training set contains 63,932 blocks. The manually corrected vali-
dation and test sets contain 115 and 102 blocks, respectively. To reduce leakage
caused by repeated corporate terminology and document templates, all reports
and blocks from the same company are assigned to a single split. Table 1 sum-
marizes the corpus size and supervision resources used in the experiments.

As shown in Table 1, manual correction is limited to relatively small valida-
tion and test subsets, whereas weak supervision is applied to the substantially
larger training collection. Multimodal review is further restricted to 1,000 se-
lected candidates.
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Table 1. Summary of the constructed ESG climate-risk corpus and supervision re-
sources.

Item Count / Description
ESG-related PDF reports 51
Document type ESG-related corporate reports
Corpus organization Report-page—block hierarchy
Training blocks 63,932
Gold validation blocks 115
Gold test blocks 102
Target classes 7
LLM-reviewed candidate blocks 1,000
Primary text extraction Native PDF parsing
Visual context Full-page rendered images
Fallback extraction OCR only when native extraction fails
Evaluation protocol Company-level gold-only split

3.2 Label Space and Weak Supervision

The task contains seven classes: physical risk, transition risk, emissions met-
ric, target commitment, adaptation/mitigation action, governance/risk manage-
ment, and non-climate. The gold test set contains 11, 10, 12, 18, 21, 10, and 20
instances, respectively. Because the class distribution is uneven, macro-F1 is the
primary metric.

Weak labels are generated using class-specific keywords and phrase patterns.
Emissions terms such as Scope 1-83 and COse indicate emissions metrics; target
years and phrases such as net zero indicate commitments; and terms such as
flood, drought, wildfire, and extreme heat indicate physical risk. Similar rules are
used for the remaining classes. Although scalable, these rules may be unreliable
when terms are ambiguous or context-dependent.

3.3 Gold and LLM-Assisted Refinement

The manually corrected subset provides reliable validation and test labels while
also contributing a limited amount of high-quality supervision during train-
ing. The multimodal teacher reviews 1,000 candidate blocks selected from low-
confidence weak labels and difficult categories, particularly physical risk, tran-
sition risk, and adaptation/mitigation action. For each candidate, the teacher
receives the full-page image, the target block text, and the current weak label,
and returns a refined class together with a confidence score.

Teacher outputs are not treated as ground truth. Accepted predictions are
merged according to the following priority rule:

gold label > accepted LLM label > weak label. (1)

This process produces four supervision regimes: weak-only, weak-+gold, weak-+LLM,
and weak+LLM+gold.
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4 Proposed Framework

The proposed framework combines scalable weak supervision with selective mul-
timodal label refinement and compact student training. The main design princi-
ple is resource-aware: large multimodal models are used only during supervision
construction, while final prediction is performed by lightweight student models.
This design follows the broader goal of reducing deployment-time cost while still
benefiting from stronger models during data construction.

4.1 LLM-Assisted Multimodal Refinement

The multimodal teacher is applied only to a restricted candidate set rather
than to the full corpus. Candidate blocks are selected from difficult or am-
biguous cases, including low-confidence weak labels and hard classes such as
physical_risk, transition_risk, and adaptation/mitigation_action. For
each candidate, the teacher receives the full page image as visual context, the
target block text as the local semantic unit, and the current weak label as a ref-
erence. This design allows the teacher to use layout and visual context while still
focusing on the intended block. We use Qwen2.5-VL as the multimodal teacher
because recent vision-language models have shown strong ability to process com-
bined image-text inputs and document-like visual content [2].

The teacher output is not treated as perfect supervision. The teacher-label
analysis in Section 6.2 shows that it changes a large fraction of weak labels,
providing a rich but potentially noisy alternative signal. For this reason, LLM
labels are most effective when merged with corrected gold labels rather than
used alone.

4.2 Student Models

We evaluate two student model families. The first is a sparse lexical baseline using
TF-IDF vectorization followed by logistic regression, a standard and efficient
baseline for text classification implemented using scikit-learn [9]. This model
is computationally efficient and strong when label distinctions are dominated
by repeated lexical cues. The second is a compact transformer student based on
DistilBERT [14]. DistilBERT provides contextual representation while remaining
lightweight enough for resource-aware training and deployment.

The central question is whether improved supervision from gold correction
and LLM-assisted refinement enables a compact student model to improve over
a strong sparse baseline without requiring a large multimodal model at inference
time.

5 Experimental Setup

5.1 Task and Data Splits

We evaluate multiclass block-level classification over the seven labels defined
in Section 3.2. Each block receives exactly one label. All models are evaluated
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Table 2. Experimental settings for student-model training.

ID Student model Label source Input
E1l TF-IDF + LR Weak Text
E2 TF-IDF + LR Weak + gold Text
E3 TF-IDF + LR Weak + LLM Text
E4 TF-IDF + LR Weak + LLM + gold Text
E5 DistilBERT Weak Text
E6 DistilBERT Weak + gold Text
E7 DistilBERT Weak + LLM Text
E8 DistilBERT Weak + LLM + gold  Text

on the same company-level gold-only test set. The company-level split prevents
leakage from repeated corporate phrasing, because all reports and blocks from
the same company are assigned to the same split.

Validation and test sets contain only corrected gold labels. Training labels
vary by experiment and may use weak labels, weak+gold labels, weak+LLM
labels, or weak-+LLM-+gold labels. This protocol ensures that all model compar-
isons are made against the same clean reference standard.

5.2 Models and Training Settings

Table 2 summarizes the eight student-model experiments obtained by combining
two model families with four supervision regimes. The LLM-assisted teacher
uses multimodal input during supervision construction, but all student models
are trained and evaluated using block text. This design isolates the effect of
supervision quality from the cost of deploying a multimodal model at inference
time.

As indicated in Table 2, the input remains fixed across all experiments; only
the student architecture and training-label source vary. For the sparse baseline,
we use TF-IDF vectorization with logistic regression and class-balanced train-
ing. For the compact transformer, we fine-tune DistilBERT with cross-entropy
supervision. We use a maximum sequence length of 256, batch size 16, AdamW
optimization, and three training epochs. Validation-based model selection is per-
formed using macro-F1. In our final DistilBERT runs, three epochs provided
better generalization than longer schedules.

5.3 Evaluation Metrics

We report accuracy, macro-F1, and weighted-F1. Accuracy measures overall cor-
rectness, weighted-F1 reflects class-frequency-weighted behavior, and macro-F1
emphasizes balanced performance across classes.
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Table 3. Results on the company-level pilot gold-only test set.

Model Labels Acc. Macro-F1 W-F1
TF-IDF Weak 0.8431 0.8459 0.8466
TF-IDF Weak+gold 0.8431 0.8459 0.8466
TF-IDF Weak+LLM 0.8333 0.8414 0.8405
TF-IDF Weak+LLM+gold 0.8431 0.8459 0.8466
DistilBERT  Weak 0.8333 0.8396 0.8372
DistilBERT  Weak+gold 0.8431 0.8478 0.8456
DistilBERT  Weak+LLM 0.8431 0.8426 0.8461

DistilBERT Weak+LLM+|gold 0.8627 0.8694 0.8665

6 Results and Analysis

6.1 Main Results

Table 3 reports the main results. TF-IDF is a strong sparse baseline, achieving
0.8459 macro-F1 with weak-only supervision. Adding corrected or LLM-refined
labels does not improve the sparse model, suggesting that its performance is
dominated by stable lexical regularities. DistilBERT trained only on weak labels
performs below TF-IDF, but improves once corrected gold labels are introduced.
The best result is obtained by DistilBERT trained with weak+LLM+-gold labels,
reaching 0.8694 macro-F1, 0.8627 accuracy, and 0.8665 weighted-F1.

The comparison in Table 3 supports the paper’s central hypothesis. LLM
labels alone do not improve DistilBERT and may introduce noise when used
without correction. However, combining weak, LL.M-assisted, and gold supervi-
sion yields the strongest compact student. Because the test set contains only 102
corrected blocks, the improvement should be interpreted as pilot evidence rather
than a definitive benchmark.

6.2 Teacher and Per-Class Analysis

The teacher returned valid labels for all 1,000 reviewed candidates and changed
601 weak labels, corresponding to a 60.1% change rate. This indicates that the
teacher contributes a substantially different supervision signal but also confirms
that its predictions should not be accepted blindly. The teacher was applied to
approximately 1.6% of the 63,932 training blocks, limiting multimodal compu-
tation to a small selected subset.

Table 4 complements the aggregate results in Table 3 by showing the per-
class behavior of the best student. Emissions metric, target commitment, and
governance/risk management achieve high F1 because they often contain dis-
tinctive units, dates, or board-level terminology. Physical risk achieves perfect
recall but lower precision, indicating over-prediction. Adaptation/mitigation ac-
tion has lower recall and may be confused with targets, transition-risk language,
or general sustainability actions.

These findings support a resource-aware division of labor. TF-IDF provides a
low-cost reference, Qwen2.5-VL reviews selected ambiguous labels during corpus
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Table 4. Per-class results for the best weak+LLM+gold DistilBERT model.

Class P R F1 N
Physical risk 0.5789 1.0000 0.7333 11
Transition risk 0.8182 0.9000 0.8571 10
Emissions metric 1.0000 0.9167 0.9565 12
Target commitment 1.0000 0.8333 0.9091 18
Adapt./mitig. action 0.9333 0.6667 0.7778 21
Governance/risk mgmt. 1.0000 0.9000 0.9474 10
Non-climate 0.8636 0.9500 0.9048 20
(a) Emissions metric (b) Physical risk

Environmental Performance
Greenhouse Gas Emissions

in 2024, while Scope 2

Block text: Scope 1 emissions
decreased to 1.24 million tCO,e

Physical Climate Risks

Block text: Flooding and
extreme heat may disrupt

operations at several coastal
2022 | 2023 | 2024 | Change ||| emissions were reduced by Our operations are increasingly exposed to physical | | faciliies, requiring adaptation
12.6% compared with the climate hazards. Flooding and extreme heat may | | planning and resilience
Scope 1 1,480 | 1310 | 1,260 | 3.8% previous year. disrupt operations at several coastal facilities, | | investment
(emissions) s . " i -
requiring adaptation planning and resilience
Scope 2 680 | 540 | 472 [12.6% ||| Weak label: emission_metric investment. We are assessing facility level | | Weak label: non_climate
(market-based) LLM Label: emission_metric vulnerabilities and  enhancing, cooling and | | LLM Label: physical risk
Scope 3 (other | 4,210 | 4,060 | 4,150 | 2.2% ||| Final Label: emission_metric emergency. Final Label: physical_risk
ndirect) Prediction: emission_metric Prediction: physical risk
(c) Target commitment (d) Governance and risk management
Climate Targets G‘mk text: We commit to Governance

We commit to reach net-zero greenhouse gas
Emissions by 2050 and reduce absolute Scope 1
And 2 emissions by 50% by 2030 from a 2019 baseline.

reach net-zero greenhouse gas

by 50% by 2030.

Net-zero GHG emissions

By 2050 ‘Weak label:

Scope 1 & 2 absolute emissions

reduction

ion_mitigation_action
50% by 2030
(vs.2019)

Interim milestones

Reviewed annually

Q

emissions by 2050 and to reduce
absolute Scope 1 and 2 emissions

LLM Label: target_commitment
Final Label: target_commitment
n: target_commitment

‘The board sustainability committee oversees climate-
related risks, and opportunities, oversight of strategy,

risk and discly reviews
transition-related exposures through risk framework and
reports.

Key governance

- Board-level

- Integrated risk management
- Reporting and escalations

Block text: The board
sustainability committee oversee
climate-related risks, and
‘management reviews through the
enterprise risk frameworks.
‘Weak label: transition_risk
LLM Label:
governance_risk_managment
Final Label:
governance_risk_managment
Prediction:
overnance_risk_managment

Fig. 2. Qualitative examples of LLM-assisted label refinement. Each panel shows an
ESG page snippet, a short target block excerpt, and the label transition from weak
supervision to LLM refinement, final merged label, and student prediction. Examples
(b)—(d) illustrate cases where the multimodal teacher corrects noisy or ambiguous weak
labels.

construction, and DistilBERT performs deployment-time prediction. The large
multimodal model is therefore excluded from routine inference.

6.3 Qualitative Analysis

Figure 2 provides qualitative evidence for the trends reported in Tables 3 and 4.
The examples include both stable cases, where the weak label and LLM la-
bel agree, and correction cases, where the teacher changes an ambiguous weak
label into a more appropriate final label. For example, physical-risk language
involving flooding and extreme heat may be missed by weak rules, while target
commitments and governance statements may be confused with broader action
or transition-risk language. These examples help explain why LLM-assisted re-
finement can improve the training signal for the compact student.
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7 Discussion and Conclusion

The experiments yield three main findings. First, Table 3 shows that weak super-
vision alone does not enable DistilBERT to outperform the strong TF-IDF base-
line. Second, corrected gold labels benefit DistilBERT more than TF-IDF, indi-
cating that contextual models are more sensitive to supervision quality. Third,
Table 3 and Fig. 2 show that multimodal teacher assistance is most effective
when combined with corrected gold labels rather than used alone. These find-
ings support using large multimodal models for selective supervision refinement
while deploying compact students for efficient inference.

This study is limited by the small gold-only test set of 102 corrected blocks,
the limited range of companies and sectors, and the use of text-based student
models despite the teacher’s multimodal page context. Future work should ex-
pand the corpus and gold evaluation set and investigate compact layout-aware
students.

In conclusion, this paper presented an LLM-assisted, resource-aware, weakly
supervised framework for block-level climate-risk extraction from ESG docu-
ments. The framework combines native PDF processing, rule-based weak super-
vision, selective multimodal refinement, and compact student training under a
company-level gold-only protocol. TF-IDF remains a strong sparse baseline, but
combining corrected gold labels with selective LLM refinement enables Distil-
BERT to achieve the best overall performance. This provides a practical strategy
for ESG monitoring: use multimodal models selectively to improve supervision
and compact models for scalable deployment.
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