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Abstract

Natural Language Processing (NLP) in the cli-
mate domain requires models to process het-
erogeneous text sources, including scientific
literature, policy disclosures, and synthetic re-
ports. However, how to effectively combine
diverse domain corpora during continued pre-
training (CPT) remains underexplored. We in-
troduce CLIMATE-MODERNBERT, a family
of climate-adapted encoder models obtained
through continued pretraining of ModernBERT-
Base on three climate corpora: academic cli-
mate text, climate-filtered web data, and syn-
thetic climate documents. We systematically
compare joint continued pretraining on corpus
mixtures with parameter-space merging of in-
dependently specialized checkpoints. Across
nine climate NLP benchmarks, our best model
achieves 76.3 average F;, improving signifi-
cantly over a vanilla ModernBERT baseline by
2.8 points. Within the climate NLP setting, the
results show that academic climate corpora pro-
vide the strongest adaptation signal among the
evaluated sources, while parameter-space merg-
ing improves over joint multi-source training
and better preserves complementary informa-
tion from heterogeneous climate corpora. We
release all CLIMATE-MODERNBERT variants
and training checkpoints! to support future re-
search in climate NLP and domain-adaptive
pretraining.

1 Introduction

The rapid escalation of the global climate crisis
increases the need for advanced NLP tools that can
parse, synthesize, and verify large corpora of en-
vironmental literature and policy disclosures (Her-
shcovich et al., 2022). Various efforts in the NLP
community aim to support the automatic analysis
of climate-related text through tasks such as cli-
mate topic detection (Varini et al., 2020; Yu et al.,
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2024b), climate risk classification (Bingler et al.,
2024), and question answering over climate knowl-
edge (Spokoyny et al., 2023). These tools enable
practitioners in the climate domain to extract in-
sights from rapidly growing collections of climate
reports, scientific publications, and regulatory cor-
pus.

Yet building strong NLP models for this domain
remains challenging in practice. Climate text re-
sources are highly heterogeneous (Shi et al., 2023),
spanning informal web discourse, scientific liter-
ature, and unstructured policy documents, while
evaluation benchmarks cover diverse NLP tasks
across short and long documents with specialized
terminology and concepts. Climate practitioners
must therefore operate over noisy and stylistically
inconsistent corpora, making it difficult to train a
single domain-adapted model that performs reli-
ably across diverse downstream applications. Re-
cent advances in encoder architectures provide a
promising direction for addressing these challenges.
ModernBERT (Warner et al., 2025) introduces a
compact yet powerful encoder model with strong
performance across natural language understanding
tasks. Compared with large generative decoders,
encoder-only models offer a favorable balance be-
tween performance and efficiency, making them
suitable for large-scale climate analysis pipelines.
They support non-generative tasks such as classi-
fication, retrieval, and information extraction, and
serve as key components in retrieval systems and
retrieval-augmented generation pipelines over large
document collections (Lewis et al., 2020). These
properties make them well-suited for climate ap-
plications requiring long-document processing and
nuanced semantic understanding across heteroge-
neous text sources.

Evidence from other scientific domains further
supports the benefits of adapting ModernBERT
through domain-specific pretraining. Models such
as Bioclinical ModernBERT (Sounack et al., 2025),
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Figure 1: Overview of the CLIMATE-MODERNBERT adaptation framework. (A) Three primary climate-domain
corpora used for continued pretraining: academic climate text (A), climate-filtered web data (F), and synthetic
climate text (S). (B) Two adaptation strategies studied in this work: joint continued pretraining on mixed corpora
and parameter-space merging of independently specialized checkpoints. (C) Following the ModernBERT training
schedule, consisting of context extension followed by learning-rate decay specialization. Context-extension-only

checkpoints are additionally evaluated as an ablation.

Clinical ModernBERT (Lee et al., 2025), and Le-
gal ModernBERT (Stammbach et al., 2026) show
that continued pretraining on large-scale domain
corpora consistently improves performance on spe-
cialized downstream tasks. These results suggest
that a similar strategy could benefit climate NLP
systems. However, the role of corpus composi-
tion in domain adaptation remains poorly under-
stood, despite growing evidence that different in-
domain data sources can lead to substantially differ-
ent downstream outcomes (Chalkidis et al., 2020;
Longpre et al., 2024).

As such, an important question remains largely
underexplored in climate NLP: how should hetero-
geneous text sources be combined during contin-
ued pretraining to adapt modern encoder archi-
tectures effectively? We study two complementary
aspects of this problem: (1) the composition of the
training corpus and the mechanism used to inte-
grate multiple sources, and (2) either through joint
continued pretraining or parameter-space merging
of independently specialized checkpoints. More
broadly, this case study provides empirical insights
into corpus composition and adaptation strategies

for climate-domain encoder adaptation, while mo-
tivating future investigations in other specialized
NLP domains.

We introduce CLIMATE-MODERNBERT, a
family of climate-adapted encoder models obtained
through ModernBERT’s continued pretraining pro-
cedure on heterogeneous climate corpora. Figure 1
provides an overview of the corpora, adaptation
strategies, and two-stage training schedule. Our
contributions are threefold:

¢ We introduce CLIMATE-MODERNBERT, a
suite of climate-adapted ModernBERT en-
coders trained on three primary climate cor-
pora: academic climate text, climate-filtered
web data, and synthetic climate documents.

* We conduct a large-scale empirical study
of corpus composition for climate-domain
encoder adaptation, evaluating 21 climate-
adapted model variants across nine climate
NLP benchmarks, yielding over 810 fine-
tuning runs.

* We compare joint continued pretraining and
parameter-space merging under matched data
coverage, showing that curated academic cli-



mate corpora provide the strongest adaptation
signal and that parameter-space merging out-
performs joint multi-source training.

2 Related Work

2.1 Encoder-only Models in Climate NLP

Encoder-based language models remain a core com-
ponent of climate NLP systems, supporting tasks
such as climate-risk assessment (Diggelmann et al.,
2020), sustainability disclosure analysis (Bingler
et al., 2024), information retrieval (Schimanski
et al., 2024), and scientific literature mining (Mani-
vannan et al., 2024). Domain-adapted encoders
such as ClimateBERT (Webersinke et al., 2021)
demonstrate strong performance across climate-
specific classification and retrieval tasks and re-
main widely adopted in climate NLP pipelines. Re-
cent evaluations further show that fine-tuned en-
coders, including ClimateBERT-based models, of-
ten match or exceed the zero-shot performance of
larger decoder-based models on supervised climate
NLP tasks when sufficient labeled data are avail-
able (Trajanov et al., 2023; Bucher and Martini,
2024).

2.2 Continued Pretraining for Domain
Adaptation

Continued pretraining, also known as domain-
adaptive pretraining, is a widely adopted approach
for adapting pretrained language models to spe-
cialized domains. Prior work demonstrates consis-
tent gains from CPT in biomedical (Sounack et al.,
2025), clinical (Lee et al., 2025), legal (Stammbach
et al., 2026), and spatial (Singh et al., 2025) set-
tings. Existing studies, however, primarily focus
on the benefits of domain adaptation itself or the
impact of factors such as training duration, opti-
mization, and data selection (Chen et al., 2025; Shi
et al., 2025). This leaves an open question of how
multiple data sources should be combined during
continued pretraining (Chen et al., 2025). This
question is particularly challenging in climate NLP,
where training data span scientific literature, policy
documents, web discourse, and synthetic text with
substantially different distributions.

2.3 Parameter-Space Model Merging

When multiple data sources are available, the stan-
dard approach is to combine them during training
through joint continued pretraining. An alternative
is to adapt separate checkpoints for each source and

Corpus Format #Docs Tokens
A (Academic) XML/CSV/PDF ~5M ~1.28B
F (Web) Parquet 2.59M ~5B
S (Synthetic) JSONL ~20K ~0.14B
Total — — ~0642B

Table 1: High-level composition of the climate pretrain-
ing corpus across the three sources A, F, and S.

combine them afterward in parameter space. Early
work shows that simple weight averaging can im-
prove generalization when models share a common
initialization (Wortsman et al., 2022). Subsequent
methods, including Task Arithmetic (Ilharco et al.,
2023), TIES-Merging (Yadav et al., 2023), and
DARE (Yu et al., 2024a), introduce mechanisms
for combining parameter updates from indepen-
dently trained models, typically in multi-task learn-
ing settings where each model is fine-tuned on a
distinct downstream task. Their use as a strategy
for integrating heterogeneous domain corpora dur-
ing continued pretraining remains underexplored.
We investigate this setting in climate NLP by com-
paring parameter-space merging against joint con-
tinued pretraining under a matched data budget.

3 CLIMATE-MODERNBERTS

3.1 Data Curation

High-quality and diverse training corpora are essen-
tial for effective language modeling (Longpre et al.,
2024), particularly in climate NLP, where language
spans scientific, policy, and public discourse. To
study how corpus composition influences contin-
ued pretraining, we construct a 6.42B-token cli-
mate corpus from three primary sources: (1) aca-
demic climate data, (2) climate-filtered web data,
and (3) synthetic climate text. Table 1 summarizes
the high-level composition.

Academic Climate Data (A) The academic cor-
pus aggregates four complementary sources of
climate-related text: (i) peer-reviewed journal arti-
cles spanning climate science, earth systems, and
energy economics; (ii) the ClimateNews archive
containing climate-related news articles from 2000—
2022; (iii) climate-focused arXiv preprints sampled
from categories including cs, physics.ao-ph,
econ, and q-fin.RM; and (iv) further included re-
ports from the Intergovernmental Panel on Climate
Change (IPCC)? and climate handbooks (Pachauri
et al., 2014). We treat these sources as a unified

2ht’cps: //www.ipcc.ch/data/
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academic corpus due to their substantial overlap
in vocabulary, citation conventions, and discourse
structure. Document-level layout (e.g., sections,
paragraphs, and captions) is preserved whenever
possible to support long-context training with Mod-
ernBERT’s §8,192-token context window. After
applying deduplication and decontamination pre-
processing pipeline (details are described in Ap-
pendix A), we arrive at a corpus of 1.28B tokens.
A detailed per-source breakdown is reported in Ap-
pendix B.

Web Data (F) The web corpus is derived from
FineWeb-Edu (Penedo et al., 2024), a large-scale
high-quality web dataset containing diverse edu-
cational and informational content. We extract
climate-relevant documents using a two-stage filter-
ing pipeline. We apply a high-recall keyword filter
built from 166 climate-related terms followed by
deduplication (detailed in Appendix C), yielding
2.59M candidate documents.

Synthetic Climate Data (S) To improve cover-
age of underrepresented climate subdomains (Mar-
wala et al., 2023), we generate synthetic climate
text conditioned on seed excerpts drawn from six
in-domain sources: five academic journal subsets
from A (Climate Risk Management, Environmen-
tal Science, Renewable & Sustainable Energy Re-
views, Urban Climate, and Weather and Climate
Extremes) together with the ClimateNews archive
sampled across 22 years. For each seed docu-
ment, we extract an 800-character passage and
prompt Qwen3.5-122B-A10B (Qwen Team, 2026)
to generate text in three climate communication per-
spectives inspired by Schifer and Painter (2021):
public awareness, industry perspective, and envi-
ronmental journalism. Generation details, prompt
templates, and seed statistics are provided in Ap-
pendix D.

3.2 Training Schedule

We adapt ModernBERT-base (Warner et al., 2025)
following its original continued pretraining pro-
cedure. Specifically, we apply context extension
(CX) followed by learning-rate decay (LRD) spe-
cialization, where the resulting CX+LRD check-
points serve as the final climate-adapted models
used throughout our main experiments. We addi-
tionally evaluate CX-only checkpoints as a case
study to isolate the contribution of LRD specializa-
tion.

Initialization. Following prior domain-adaptive
ModernBERT studies (Sounack et al.,, 2025;
Lee et al., 2025), we initialize from the public
ModernBERT-base context-extension stage check-
point. This checkpoint preserves the stable op-
timization landscape, which facilitates continued
training on new domain data. In contrast, resum-
ing from a post-LRD checkpoint would require
reintroducing warm-up (Ash and Adams, 2020) to
recover from the near-zero learning rate reached
during decay (Higele et al., 2024).

Context Extension. We retain the context-
extension checkpoints as an ablation to examine the
contribution of LRD specialization. CX training
uses a constant learning rate of 3e — 4, global batch
size of 576, sequence length of 8,192, and MLM
masking rate of 30%. We optimize with Decoupled
StableAdamW (Wortsman et al., 2023) in BF16
mixed precision for three epochs.

LRD specialization. Following the original Mod-
ernBERT training procedure, we further specialize
each CX checkpoint using the 1 — /¢ learning-
rate decay schedule (Warner et al., 2025). We
use an initial learning rate of 3¢ — 4 and a final
learning-rate factor oy = 1e—3 for three additional
epochs, while keeping all other hyperparameters
unchanged. The resulting CX+LRD checkpoints
serve as the final climate-adapted models and are
used for all subsequent corpus-composition and
model-merging experiments described in §4.1.

Model Architecture and Computing. Every
variant uses the ModernBERT-base architecture
(150M parameters, 22 transformer layers, hidden
size 768, 12 attention heads, and a 50,368-token
vocabulary), with RoPE positional embedding and
alternating 128-token-window local and global at-
tention with a global block every three layers (Wu
et al., 2025). Training runs on 4x NVIDIA A100
GPUs using the MosaicML Composer framework
(Warner et al., 2025). Checkpoints are saved every
3,000 steps during CX training and every 1,000
steps during LRD specialization. Final checkpoints
are converted to the HuggingFace Transformers
FlexBERT format for release. Complete hyperpa-
rameter and architecture specifications are deferred
to Appendix E.

4 Evaluation Setting

We evaluate all climate-domain variants against
two complementary baselines: the ModernBERT-



base stable-phase checkpoint used for initialization
and the original ClimateBERT model (Webersinke
etal., 2021), a widely adopted climate-domain en-
coder. The ModernBERT-base comparison isolates
the effect of climate-domain continued pretrain-
ing from the original model capabilities, while Cli-
mateBERT provides context against an established
climate-adapted encoder. We fine-tune all models
under the same downstream protocol to ensure a
controlled comparison. We do not adopt the final
publicly released ModernBERT checkpoint as the
primary baseline, as it has already undergone full
learning-rate decay on general-domain data, which
would confound assessment of domain adaptation
effects; for completeness, we still fine-tune that
post-LRD checkpoint (results in Appendix G).

4.1 Evaluated Models

Our training design studies two aspects of climate
adaptation: (i) the composition of the climate pre-
training corpus and (ii) the contribution of LRD
specialization through a CX-only ablation. Let
the set of domain corpora introduced in §3.1 be
D = {A,S, F}, where A denotes the academic
climate corpus, S the synthetic climate corpus, and
F the climate-filtered FineWeb-Edu subset.

For any non-empty subset X C D, we denote by
05%" the final climate-adapted checkpoint obtained
after CX followed by LRD specialization on the
union of corpora in X'. We additionally denote by
0 x the corresponding CX-only checkpoint used for
ablation analysis. We further denote by 0,4 the
stable-phase ModernBERT-base initialization from
which all models are derived and against which all
comparisons are made.

Joint-training variants. We train seven joint-
training variants corresponding to different non-
empty subsets of

A} {SE {7
{A,S}, {A, 7}, {8, 7}, {A, S, F).

For each subset X, we train the final LRD-
specialized checkpoint 5" used in our main ex-
periments. The corresponding CX-only checkpoint
0~ is retained for ablation analysis to evaluate the
contribution of LRD specialization.

Model-merging variants. We further study
parameter-space merging over independently
trained checkpoints. Specifically, we take the three

single-source LRD-specialized checkpoints Gg}‘?

with ¢ € {A, S, F} and combine their parameter
deltas relative to @y, using four merging strate-
gies: simple weight averaging (fsoup), Task Arith-
metic with scaling factors A € {0.5,1.0} (Orar))
TIES-Merging with drop ratios d € {0.5,0.7}
(Ories(a))> and DARE-TIES with the same drop ra-
tios (Upare(q))- This trajectory yields seven merged
checkpoints whose training data correspond to the
full corpus union { A, S, F}, enabling direct com-
parison between joint training and post-hoc param-
eter merging under matched data coverage.

Evaluation budget. In total, we evaluate 21
climate-adapted checkpoints against €y on the
downstream climate tasks described below. To sup-
port the paired-seed ablation analysis of synthetic
data, the four checkpoints in the {A}/{A, S} com-
parison pair (with and without LRD specialization)
are fine-tuned with n=10 random seeds, whereas
all remaining variants use n=3 seeds.

4.2 Downstream Tasks

We evaluate all models on nine climate NLP bench-
marks. These include six single-label classification
tasks: Climate Detection (Det.) (Bingler et al.,
2024), Climate Specificity (Spec.) (Bingler et al.,
2024), Commitments & Actions (Comm.) (Bin-
gler et al., 2024), Climate Sentiment (Sent.) (Bin-
gler et al., 2024), Net Zero & Reduction (NetZ.)
(Schimanski et al., 2023a), and TCFD Recommen-
dations (TCFD) (Bingler et al., 2024). We further
evaluate two multi-label classification tasks, WFB
Nature (WFB) (Schimanski et al., 2023b) and WX-
ImpactBench (WXI) (Yu et al., 2025), as well
as one retrieval benchmark, ClimRetrieve (Retr.)
(Schimanski et al., 2024), formulated as binary rel-
evance classification. Acronyms in parentheses are
used throughout the results section (§5). Taken
together, these benchmarks cover a broad range of
climate NLP settings, including topical detection,
disclosure analysis, climate commitments, senti-
ment analysis, information retrieval, and environ-
mental impact assessment. The underlying datasets
span corporate annual reports, sustainability disclo-
sures, national policy pledges, and historical news
articles, capturing both structured disclosure lan-
guage and narrative climate communication (Cala-
mai et al., 2025). Detailed dataset statistics, label
definitions, and data provenance are provided in
Appendix H.

Fine-tuning protocol. For each (0y, task) pair,
we jointly fine-tune all encoder parameters together



Model Retr. Comm. Det. Spec. Sent. NetZ. TCFD WFB WXI Avg.
ModernBERT-base

Oase 86.7+1.9 65.9+13 94.5t03 67.3107 71.8441 987106 60.1407 96.0104 204450 73.541.7
Original RoBERTa model

ClimateBERT 82.445¢6 70.940.0 975400 67.840.0 76.6400 99.1400 51.440.1 925400 3.34+46 72.140s
Climate-ModernBERT: CX + LRD specialization — 055"

{A} 81.1441 68.7121 93.6102 673111 77.1x07 98.0112 613105 969103 252432 744424
{S} 84.542.1 66.443.4 93.8402 69.4+09 748427 99.040.1 61l.1102 96.5403 25.042.4 T4.5+1.4
{F} 85.0+2.5 67.441.6 95.8400 68.7+19 77.5+04 98.7+0.0 60.341.7 96.8+02 20.3+44 745414
{A4,S} 832441 66.111.0 932108 695110 T8.1ios 989102 61.3:110 96.2104 243149 745115
{A, F} 83.5444 695106 955406 702407 76.0404 9914101 63.0425 97.0405 185450 7T4.7T+16
{S,F} 85.342.2 622423 95.7102 71.040.8 755406 97.9+0.3 594422 969105 234437 T41li14
{A,S,F} 86.811.4 60.0+23 95.7+00 7T1.8114 76.0x12 98.6104 628122 97.5102 239159 748117
Ablation: Context Extension-only checkpoints — 0 x

{A} 85.54+1.0 T1.8411 932403 68.9+16 774110 985408 959.0409 97.0+02 26.1432 753411
{S} 86.0+1.8 652410 93.540.8 68.040.6 71.844.1 98.740.4 60.040.7 972402 20.0+21 734413
{F} 85.4+1.0 64.8434 945403 68.0+15 76.3+05 99.2401 591410 972401 234451 T4dli14
{A, S} 86.1+1.9 67.9+1.4 94.040.6 67.6+09 77.042.0 98.2409 614105 96.6105 24.8134 7T4.8+13
{A,F} 86.0+0.8 659407 938404 672411 76.8+10 991102 59.7+12 96.5403 241432 T4.3+10
{8, F} 85.4+1.0 64.8434 945403 68.0+15 763105 992401 591410 972401 234451 742414
{A, S, F} 86.5+1.0 67.441.3 952401 T70.3+02 752406 991401 59.2411 96.5409 185453 741412

Table 2: Per-task F; scores (%, mean =+ standard deviation across three random seeds) for jointly trained climate-
adapted variants. LRD-specialized checkpoints represent our primary climate-adapted models following the
ModernBERT two-stage training procedure, while context extension-only checkpoints are reported as an ablation to
isolate the contribution of LRD specialization. Binary tasks and ClimRetrieve report positive-class Fy; classification
tasks report macro-F;. Best results for each task are shown in bold.

with a task-specific classification head. Following
Sounack et al. (2025), all variants use a shared
hyperparameter configuration: learning rate 4e-5,
per-device batch size 32 with 2 gradient accumu-
lation steps (effective batch size 64), weight decay
0.01, and up to 10 training epochs with early stop-
ping based on validation F;. Training is performed
in BF16 using the fused AdamW optimizer. We
report test-set performance using F;-based metrics.
Binary classification tasks and ClimRetrieve are
evaluated using positive-class Fy, while multi-class
and multi-label tasks are evaluated using macro-Fj.
The same fine-tuning configuration is applied to
ClimateBERT.

5 Experimental Results

§5.1 examines how corpus composition affects cli-
mate adaptation and reports a CX-only ablation
to analyze the contribution of LRD specialization,
including a paired-seed ablation of the synthetic
corpus. §5.2 compares parameter-space merging
against joint training under the same data budget
and uses drop-one merges to attribute per-corpus
contributions.

5.1 Joint Continued Pretraining

Academic corpora provide the strongest CPT
recipe, yet broader mixtures can hurt perfor-
mance. As shown in Table 2, climate adapta-
tion generally improves aggregate performance
relative to Opase, despite task-specific trade-offs.
All adapted variants obtain average F; scores at
or above the baseline, with the highest average
achieved by 0y 41 (75.3). Improvements are con-
centrated on register-sensitive tasks, including Sen-
timent (+6.3), Commitments (+5.9), WXImpact-
Bench (+7.5), and Specificity (+4.2), while already
saturated benchmarks such as Detection (+1.2) and
NetZero (+0.5) shift only marginally, consistent
with observations from Calamai et al. (2025).

Notably, adding broader data sources to A does
not improve performance. The average CX-only
Fy declines from 75.3 (6 4) to 74.8 (f{ 4,51), and
further drops to 74.1 on 6 4 s 7). This effect is par-
ticularly pronounced on Commitments & Actions,
where adding synthetic and web corpora to the aca-
demic training set lowers performance from 71.8 to
59.9, suggesting interference from out-of-register
sources (Kurfali et al., 2025). The overall pattern



CX-only (8x) LRD specialization (95%") [81.%9%6 1

Task A p pw| A p Puw o
WXI i i Comm.
Retrieval 106 .31 26]122 .66 77 1203, 33,71 i t64.3. 68.01
Commitments | 3.9 < .001 .002|]2.6 .016 .037 15\4\.
Detection 1708 .012 .020|/04 .18 .38 ! ‘" TT--s
Specificity | 1.3 .07 13122 .001 .002 i .
Sentiment 104 43 56109 .007 006 (64575 | L B/ N, 91175541
NetZero 103 51 63[109 .07 08 IR N
TCFD 124 <.001 .002|,00 .96 92 ;/]\ /! |
WFB 104 .06 081|108 .001 .004 Iy \/ i H
WXImpact |13 .25 16109 .49 63 L:\ A ot
TCFD RN e Cla Spec.
[58.3, 64.1] \ [64.4, 70.9]

Table 3: Paired-seed synthetic-data ablation (n=10). A
denotes the mean effect of adding S; p; and p,, are
paired-¢ and Wilcoxon signed-rank p-values. Bold indi-
cates significance (aw=0.05) under both tests.

further indicates that adaptation benefits are driven
by source—task alignment, consistent with obser-
vations from domain-adaptive pretraining studies
(Gururangan et al., 2020). Different data combina-
tions excel on different benchmarks. Considering
the best-performing configuration across the evalu-
ated adaptation settings, 01 4} achieves the highest
scores on Commitments and WXImpactBench.

Synthetic climate text exhibits task-dependent
effects. To isolate the effect of synthetic data,
we compare 64 and 04 s under both the final
LRD-specialized models and the CX-only abla-
tion setting using n=10 shared fine-tuning seeds.
As shown in Table 3, the effect of S is strongly
task dependent. Adding synthetic data significantly
improves several framework-oriented benchmarks,
including TCFD (+2.4, p; < .001) and Speci-
ficity (+2.2, p; = .001), while consistently degrad-
ing Commitments & Actions across both training
regimes (—3.9, p; < .001). In contrast, retrieval
performance remains statistically unchanged. Over-
all, these results suggest that synthetic climate text
benefits taxonomy- and framework-driven classifi-
cation tasks, but transfers less effectively to tasks
requiring finer-grained discourse and commitment
understanding.

5.2 Parameter-space Merging

We evaluate model merging both as a data-
attribution method and as an alternative to joint
training under matched data coverage. Table 4
compares the three single-source LRD-specialized
checkpoints, their jointly trained counterpart, and
seven merged variants, while Figure 2 presents
drop-one Soup ablations relative to the full
Osour({A, S, F}) model. We additionally evaluate
model merging using CX-only checkpoints (6x).

NetZ. Sent.
[98.0, 98.9] [74.1, 79.2]

—8— Soup({S,F}) —drop A4 —@— Soup({A, F}) —drop S
—m— Soup({4,S}) —drop 7 —— Soup({A4,S,F})

Figure 2: Per-task F; of the three drop-one Soups
against the full Soup({.A, S, F}) baseline (dashed grey).
Axes are scaled per task to the [min, max] range across
the four variants.

These results are reported in Appendix F.

Dropping A hurts more than dropping ei-
ther other corpus. Figure 2 provides a com-
plementary perspective on corpus importance
through drop-one simple weight averaging abla-
tions. Across nearly all benchmarks, removing
the academic corpus (SOUP({S, F}), green) re-
sults in the largest performance degradation, re-
ducing average F; by 4.0 points relative to the full
Sour({A,S,F}). In contrast, excluding either
the synthetic or web corpus leads to substantially
smaller average degradations (—1.5), and in some
cases even improves performance on individual
benchmarks. These results provide independent
evidence for the findings in §5.1: academic climate
data contributes the strongest and most broadly
transferable adaptation signal, whereas the bene-
fits of synthetic and web data are comparatively
task-dependent.

Interestingly, this importance is not reflected
by task-vector magnitude alone. Although the
FineWeb-specialized checkpoint produces the
largest parameter update (||0r| ~ 43 per layer,
compared with approximately 16 for A and S), re-
moving A causes by far the largest performance
degradation. This observation indicates that larger
parameter updates do not necessarily translate into
greater downstream utility, highlighting an interest-
ing direction for future work on interpreting adap-
tation dynamics in continued pretraining.



Model Retr. Comm. Det. Spec. Sent. NetZ. TCFD WFB WXI Avg.
Joint training on the union — 0{% s 7,

{A, S, F} 86.8+1.4 60.042.3 95.7400 T1.8414 76.041.2 98.6404 628122 975102 239459 7T4.841.7
Parameter-space merging of the three single-source components

Osour 83.6+1.6 066.543.7 954406 709421 76.7414 989400 641422 973401 33.7453 T76.3+19
Ota(0.5) 80.94+57 675118 94.74104 679102 71.0x02 991100 60.3124 958105 24.8460 73.6x1.9
Oraq1.0) 85.010.4 T71.2412 949105 68.5407 77.0x31 992101 613107 97.1ro2 272451 757113
Orieso.s)  86.111.4 67.6125 93.6106 689109 T7.1x07 99.0101 614106 965112 285417 754111
Orieso.ry  85.1xas 719127 949101 70.7r01 75.6x16 99.0t02 59.7x11 96.7113 269138 75.6+15
Opareo.5) 86.3109 672404 94.8103 692102 743101 989102 578113 97.1i02 26.9123 T4Tio7
Opare(o.7) 85.5+0.9 63.311.1 94.7r01 67.6103 T4li20 989102 61.6110 97.0r03 26.2162 743113

Table 4: Single-source LRD components, joint training on the corpus union, and seven parameter-space merges the
same effective corpus, reporting per-task F1 (%, mean + standard deviation across three random seeds).

Task Vector Cosine Similarity

eMLLN 0.163 0.062 0.290.0.157 0.290 0.465

0.163 ERLLLY 0.148 DAL:R 0.214 LR LRGE 1RG4

$0.062 0.148 gE[1} 0.198 0.413 0.207 0.198 0.441

A+F 10.290 [ [1:8 0.198 EROILE 0.364 KoR:{ok BB VRG Y &)

A+S 0.214 0.413 0.364 MY 0.251 0.364 0.494

F+S-0.157 L&4:-LR 0.207 [LR:1x8 0.251 WGTTVR R 1ok By J-% §

[®3111 ] 0.768 [LEE:1:] 1.000 AT} 0.801 1.000 0.776

A+F+S

SOUP 10.465 [WX:-T:¥ A 0.441 LAy yL-R 0.494 N (3 SN0 Ay o LA W )

A F S

A+F A+S F+S A+F+SSOUP

Figure 3: Cosine similarity between source task vectors.

Merging surpasses both the strongest single
source and joint training on the same data.
Across the seven merged models in Table 4, five
outperform the strongest single-source LRD check-
point (9%’3, 74.5), with uniform weight averaging
performing best overall. fOsoyp achieves 76.3 aver-
age Fp, improving by +1.8 over the best individ-
ual source and by +1.7 over joint training on the
same effective corpus (74.6). The gains are most
pronounced on Commitments (+7.0) and WXIm-
pactBench (+9.3), while joint training retains only
narrow advantages on Detection, Specificity, and
Retrieval. Although weight averaging is known
to improve performance in supervised fine-tuning
settings (Wortsman et al., 2022), evidence in the
context of multi-source continued pretraining re-
mains limited.

To better understand this behavior, we analyze
the task vectors 6; = Oirp,i — Opase Of the three
source-specific checkpoints. Figure 3 shows that
the resulting parameter updates are nearly orthogo-
nal, with pairwise cosine similarities ranging from
0.06 to 0.18 between A, F, and S. Such weak
alignment indicates that each corpus contributes

largely distinct parameter updates, consistent with
observations from task-vector analyses in fine-
tuning (Ilharco et al., 2023). The complementarity
of these updates provides a plausible explanation
for why parameter-space merging can recover in-
formation from multiple sources more effectively
than joint optimization.

6 Conclusion

We introduce CLIMATE-MODERNBERT, a collec-
tion of climate-adapted encoder models obtained
through ModernBERT’s continued pretraining pro-
cedure with LRD specialization of ModernBERT-
Base on academic climate corpora, climate-filtered
FineWeb-Edu web data, and synthetic climate text.
Across 21 adapted variants and nine climate NLP
benchmarks, we reveal three main findings: (/)
academic climate data provides the strongest adap-
tation signal, while broader corpus mixtures often
fail to improve and can degrade performance; (2)
synthetic climate text exhibits task-dependent ef-
fects, benefiting taxonomy-driven tasks yet hurt-
ing performance on pragmatically grounded bench-
marks; and (3) simple weight averaging of indepen-
dently specialized checkpoints achieves the best
overall performance (76.3 average Fy), outperform-
ing both single-source models and joint training on
the union of the full corpora.

These results highlight the importance of cor-
pus composition in domain-adaptive pretraining
and suggest that parameter-space merging is a sim-
ple and effective alternative to joint multi-source
training. We release all CLIMATE-MODERNBERT
variants, training checkpoints, and data-processing
pipelines to support future research in climate NLP
and domain-adaptive encoder pretraining.



Limitations

Our study has several limitations. To the best of
our knowledge and recent literature (Calamai et al.,
2025), current climate NLP benchmarks remain
primarily designed around sentence- or passage-
level classification tasks over corporate disclosures,
sustainability reports, and policy documents. Al-
though ModernBERT is designed for long-context
processing, existing benchmark suites provide lim-
ited opportunities to evaluate long-document un-
derstanding, cross-section reasoning, or informa-
tion integration across extended contexts beyond
ClimRetrieve. Consequently, the potential benefits
of long-context architectures cannot yet be fully
assessed within the current climate NLP evaluation
landscape. We therefore view the development of
standardized long-context and document-centric
climate NLP benchmarks as an important direction
for future research.

Furthermore, CLIMATE-MODERNBERT col-
lection is trained exclusively on English climate
text and adapted from a single encoder family,
ModernBERT-Base. Our analysis focuses on cli-
mate NLP and evaluates adaptation strategies using
climate-specific corpora and benchmarks. There-
fore, the observed effects of corpus composition
and parameter-space merging should be interpreted
as findings within this domain rather than univer-
sal principles of domain adaptation. Extending
this analysis to other specialized domains, such as
biomedical or legal NLP, remains an important di-
rection for future work. More broadly, our analysis
is restricted to continued pretraining. We do not
examine instruction-tuned encoder variants (Clavié
et al., 2025), whose representations and adapta-
tion dynamics may differ substantially from base
models. Understanding how corpus composition
and parameter-space merging interact with instruc-
tion tuning is thus an important direction for future
work.

Ethical Considerations

Our academic climate corpus is compiled from
climate-related scientific publications, reports, and
other copyrighted sources. As climate NLP in-
creasingly supports decision-making and policy
analysis, we respect licensing and intellectual prop-
erty restrictions by releasing only trained model
checkpoints and data-processing pipelines where
permitted, rather than the raw text data.

Climate change is a societal challenge that re-

quires collaboration among governments, industry,
researchers, and citizens (Reid and Toffel, 2009).
We hope that climate-adapted language models can
support information retrieval, document analysis,
and evidence synthesis across large climate-related
document collections.
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A Data Preprocessing Pipeline

Both corpora (A, S) pass through a shared dedupli-
cation and decontamination pipeline implemented
with NeMo Curator (NVIDIA, 2024). Raw doc-
uments are read from JSONL and normalized:
Unicode characters are reformatted to a canon-
ical encoding, repeated whitespace is collapsed
while paragraph breaks are preserved, and URLs
are stripped. The climate-filtered web data (F) is
preprocessed with MinHash—-LLSH (Rao and Zhu,
2016) configured with 24-character n-grams, 20
hash bands, and 13 MinHash signatures per band,
retaining pairs that share approximately 80% of
their tokens at a tractable computational cost.

B Academic Climate Data: Sources and
Statistics

The academic climate corpus combines four
streams of in-domain text: peer-reviewed journal
articles, year-aggregated climate news, climate-
focused arXiv preprints, and a small set of climate
handbooks. Table 5 reports a category-level sum-
mary with the format, number of source titles, ap-
proximate document count, and raw token contri-
bution (before deduplication) from each stream.

Acquisition and preprocessing. We parse jour-
nal articles in structured XML directly, retain sec-
tion labels and captions, and exclude reference lists,
author affiliations, and copyright boilerplate. The
ClimateNews archive is distributed as twenty-three
annual CSV shards (one per year, 2000-2022),
each of which we filter for climate relevance using
the keyword list of Appendix C before tokeniza-
tion. arXiv preprints are downloaded as PDF and
converted to text with a layout-aware extractor that
preserves section hierarchy and detects figure/table
captions; we restrict the pool to climate-relevant
categories (physics.ao-ph, econ.GN, g-fin.RM,
and climate-tagged cs papers). The climate hand-
books are processed with the same PDF pipeline.
Across all four streams we apply boilerplate strip-
ping, English-only language identification, and a
200-token minimum-length filter before documents
enter the deduplication pipeline.

Licensing and ethics. Peer-reviewed articles are
accessed under publisher licenses held by our insti-
tution; arXiv preprints are released by their authors
under permissive arXiv terms; the news shards and
climate handbooks were collected and processed
for non-commercial research use. The corpus is
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used solely for research on domain-adaptive pre-
training and is not redistributed; only model check-
points, the keyword list, and aggregate per-source
statistics are released. The corpus contains only
text already in the public or licensed scientific
record and does not specifically target personally
identifiable information.

C Web Data: Keyword List for
FineWeb-Edu Filtering

The web-data pipeline retains a FineWeb-Edu doc-
ument if any of the case-insensitive terms below
appears in the document (for full list please refer
to our github repository). The terms are extracted
from the climate concept in General Multilingual
Environment Thesaurus (GEMET)? and Sautner
et al. (2023). For deduplication we used the NeMo
Curator (NVIDIA, 2024) deduplication pipeline.

Keywords climate change,
greenhouse GHG,

oxide,

global
dioxide,

budget,
renewable energy,

warming,
COZ )
net

gas, carbon

methane, nitrous carbon

zero, decarbonization, carbon

capture, carbon sequestration, negative emissions,
emissions carbon carbon

trading, pricing,

neutrality, integrated assessment model, climate
scenario, climate modelling, IPCC, El Niho, ENSO,
radiative forcing, radiative imbalance, arctic
sea level
flood

heatwave,

amplification, ocean heat content,

rise, permafrost, cryosphere, monsoon,

risk, storm surge, extreme weather,
drought, climate hazard, loss and damage, loss and
damage fund,
stocktake,

NDC, just transition, transition pathway, climate

1.5°C, 2°C, Paris Agreement, global
nationally determined contribution,

litigation, climate governance, climate finance,

climate justice.

D Synthetic Climate Data: Seed Pool,
Prompts, and Generation

Table 6 reports the seed pool used for synthetic
generation. The five academic seed pools are
full subsets of the corresponding journals in A
(§3.1); the ClimateNews pool is sampled at 200
documents per annual shard. For each seed docu-
ment, we extract the first 800 characters of cleaned
body text and substitute it into one of three style
templates below. Each (seed, style) pair is sent
to Qwen3.5-122B-A10B once; the generator is de-
coded with temperature 0.6, top-p 0.95, and a bud-

3https://www.eionet.europa.eu/gemet/en/themes/


https://www.eionet.europa.eu/gemet/en/themes/

Source / Category

Fmt Srcs Docs Raw

Peer-reviewed journals
Climate / Earth-science journals

XML ~25 titles ~30K ~1.70B

e.g., Climate Risk Mgmt, Urban Climate, Env. Sci. & Policy, Weather
& Climate Extremes, Atmospheric Env., J. of Climate, Sci. Total Eny.,

Earth-Science Reviews, Global Env. Change.
Energy / resource / env. economics

XML ~12 titles ~15K  ~0.80B

e.g., Energy Economics, Energy Policy, Ecological Economics, Re-
sources Policy, Resource & Energy Econ., Renewable & Sustainable

Energy Reviews.
Finance / macro / accounting (climate-relevant)

XML ~45 titles ~40K  ~1.40B

e.g., J. Banking & Finance, J. Financial Economics, J. Public Econ.,

J. Corporate Finance, Accounting Org. & Society.

Other in-domain sources

ClimateNews archive (2000-2022)
Climate arXiv preprints (physics, econ, cs)
Climate handbooks

CSV
PDF—text
PDF—text

23 shards

~0.60B
~0.12B
~0.025B

~5M articles
>1K

7 vols 7 books

Total

~4.65B

Table 5: Per-category composition of the academic climate corpus .A. Srcs: number of unique source titles; Docs:
number of source documents; Raw: token count before deduplication.

Category Seeds Task Opase: (stable-phase) ModernBERT (post-LRD)
Climate Risk Management 654 Retr. 86.7+1.0 83.1415
Environmental Science 3,077 Comm. 65.941.3 60.611.5
Renewable & Sustainable Energy Reviews 1,028 Det. 94.540.3 94.440.4
Urban Climate 541 Spec. 67.3+0.7 67.4420
Weather and Climate Extremes 685 Sent. 71.8+4.1 74.942 5
ClimateNews (2000, 2005, 2017, 2022) 4 x 200 NetZ. 98.7+0.6 98.940.3
TCFD 60.1410.7 57.940.3
Total 6,785 WFB 96.00.4 96.840.1
N , WXI 20.415.0 20.240.7

Table 6: Seed pool used to condition synthetic gener-

ation. Each seed yields three outputs (one per style); Avg. 73.5+1.7 72.7+1.0

the resulting raw synthetic corpus before deduplication
contains approximately 20K passages.

get of 1,024 new tokens. All generations share the
same system prompt: “You are an expert climate re-
searcher and journalist capable of generating high-
quality, factual content about climate change based
on real research excerpts.” The ClimateNews cate-
gory reuses the same three templates with the lead-
in reworded to “climate news excerpt” / “climate
news piece”.

Style 1 — Public awareness.

Based on this climate research excerpt: “<EX-
TRACT>".

Create an accessible article about climate change
that: (i) Explains Complex Concepts—break sci-
entific terms into everyday language; (ii) Local
Relevance—connect global climate issues to lo-
cal community impacts; (iii) Practical Actions—
suggest concrete steps individuals can take; (iv)
Human Stories—include relatable examples and
potential human impacts. Write in an engag-
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Table 7: Per-task F; comparison between the pre-LRD
stable-phase ModernBERT-base (6545¢) used as initial-
ization throughout the paper and the final publicly re-
leased (post-LRD) ModernBERT-base checkpoint. Both
models are fine-tuned on the nine climate benchmarks
under the same protocol (mean + standard deviation
across three random seeds).

ing, informative tone suitable for general pub-
lic awareness; focus on making climate science
understandable and actionable.

Style 2 — Industry perspective.

Using this climate-related research as context:
“<EXTRACT>".

Develop a comprehensive industry analysis cover-
ing: (i) Sector Impact—how different industries
are affected by or contributing to climate change;
(ii) Innovation & Technology—emerging solu-
tions and technological adaptations; (iii) Busi-
ness Strategy—corporate responses and sustain-
able business models; (iv) Investment Trends—
green finance and ESG considerations. Write



Training Configuration ‘ Model Architecture
Context Extension ModernBERT-Base
Data Full climate corpus (§3.1) Parameters 150M
Epochs 3 Layers 22
Learning rate 3 x 10~* (constant) Hidden size 768
Warm-up 0 epochs Intermediate size 1,152
Global batch size 576 Attention heads 12 (head dim 64)
Per-GPU batch size 72 Vocabulary size 50,368
Microbatch size 12 Position encoding ROPE (base 160K)
Sequence length 8,192 Attention pattern Alternating local/global
MLM masking rate 30% Sliding window 128
Optimizer StableAdamW Global attention Every 3 layers
B1, B2 0.9, 0.98 Optimizations FlashAttention, unpadding, torch.compile
€ 107¢
Weight decay 107° Compute & Checkpointing
Precision BF16 (AMP) Hardware 4x NVIDIA A100
LRD Specialization Framework MosaicML Composer
Data Variant-specific subset Mixed precision BF16
Epochs 3 Gradient checkpointing Enabled
LR schedule 1 — +/t decay Checkpoint (Context Extension) Every 3,000 batches
Initial LR 3x 1074 Checkpoint (LRD Specialization) Every 1,000 batches
Final LR factor (o)  0.001 Release format HF Transformers FlexBERT

Other settings Same as context entension phase

Table 8: Training configuration, architecture, and compute details for all CLIMATE-MODERNBERT variants.

from a business and industry perspective, high-
lighting opportunities and challenges.

Style 3 — Environmental journalism.

Drawing from this climate research piece: “<EX-
TRACT>".

Create an in-depth environmental journalism ar-
ticle that: (i) Investigative Depth—explore un-
derlying causes and systemic issues, (ii) Ecosys-
tem Impact—detail effects on biodiversity, habi-
tats, and natural systems; (iii) Climate Justice—
address equity and vulnerable-population con-
cerns; (iv) Solution Spotlight—highlight success-
ful interventions and best practices. Write in an
investigative journalism style that combines fac-
tual reporting with compelling narrative.

E Training Setup: Full Configuration

Table 8 reports the complete hyperparameter and
architecture specification for every continued-
pretraining run. All variants differs only in the data
subset (see Table 2) and the learning-rate schedule.
Final Composer-format checkpoints are converted
to the Hugging Face Transformers FlexBERT im-
plementation for release.

F Context Extension-only Model Merging
Analysis

To further analyze the effect of the LRD specializa-
tion stage on model merging, we additionally evalu-
ate merging strategies using context-extension-only
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checkpoints (fy). Unlike the main experiments,
which use final CX+LRD checkpoints following
the ModernBERT training procedure, this analysis
isolates whether the observed benefits of parameter-
space merging depend on the final LRD adaptation
stage. We evaluate three merging strategies: Lin-
ear merging, F-half merging, and Norm-balanced
merging. Results are shown in Table 10.

Overall, CX-only merging achieves competitive
performance across climate NLP benchmarks, sug-
gesting that the effectiveness of model merging
is not exclusively dependent on LRD specializa-
tion. However, the LRD-specialized checkpoints
remain our primary setting because they represent
the final adapted models following the established
ModernBERT training pipeline.

G Comparison Against the Post-LRD
Public ModernBERT Checkpoint

All climate-adapted variants in the main paper
are initialized from the pre-LRD stable-phase
ModernBERT-base checkpoint, denoted 05, 5g. For
completeness, we also fine-tune the final publicly
released ModernBERT-base checkpoint — the post-
LRD release that downstream practitioners typi-
cally use — on the same nine climate benchmarks
under the identical fine-tuning protocol described
in §4.2. Table 7 reports per-task F; scores side-by-



Task Type #C #Train #Test Labels

Single-label classification

Climate Detection (Bingler Binary 2 1,170 400 climate/not: passage is related to climate change or

et al., 2024) environmental topics.

Climate Specificity (Bingler Binary 2 900 320 specific/non-specific: contains concrete, firm-specific
etal., 2024) commitments or measurable targets vs. vague phrasing.
Commitments & Actions Binary 2 900 320 yes/no: states a forward-looking pledge or describes a
(Bingler et al., 2024) realized climate action.

Climate Sentiment (Bingler Multi-class 3 900 320 risk/neutrallopportunity: evaluative stance toward climate
etal., 2024) change in corporate or policy discourse.

Net Zero & Reduction Multi-class 3 2,753 344 net-zerolreduction/none: paragraph contains a net-zero
(Schimanski et al., 2023a) target, a reduction target, or no target.

TCFD Recommendations ~ Multi-class 4 1,170 400 governancelstrategylriskimetrics-and-targets: TCFD
(Bingler et al., 2024) disclosure pillar.

Multi-label classification

WEFB Nature (Schimanski ~ Multi-label 4 1,760 220 water/forest/biodiversitylnature: TNFD-aligned nature
et al., 2023b) dimensions co-occurring in the passage.
WXImpactBench (Yu et al., Multi-label 6 970 208 infrastructurallpoliticallfinanciallecologicallagricultural/human-
2025) health: societal impact categories of weather events.
Retrieval (binary relevance)

ClimRetrieve (Schimanski ~ Retrieval 2 6,800 850 relevant/not: passage answers the climate question;

etal., 2024)

relevance binarized at threshold > 1 on the original ordinal
scale.

Table 9: Overview of downstream evaluation tasks. #C denotes the number of target classes or labels; #Train and
#Test report fine-tuning split sizes; the Labels column lists the label set followed by a short definition.

side with Ogsk.

The post-LRD checkpoint averages 72.7 Fy, 0.8
points below 0,5k (73.5). Per-task, the largest re-
gressions are on Retrieval (—3.6), Commitments &
Actions (—5.3), and TCFD (—2.2); modest gains
appear on Sentiment (4+3.1), WFB (40.8), NetZero
(+0.2), and Specificity (+0.1); Detection (—0.1)
and WXImpactBench (—0.2) are essentially un-
changed.

H Downstream Tasks: Detailed
Descriptions

This appendix expands on the task list summarized
in §4.2. Table 9 reports the type, number of classes,
fine-tuning split sizes, and label semantics for each
of the nine benchmarks; the paragraphs below de-
scribe each task’s label space, the linguistic phe-
nomenon it targets, and, where relevant, the con-
struction pipeline and annotation provenance of the
underlying dataset.

Single-label classification. Climate Detection
(Bingler et al., 2024) is a binary task that deter-
mines whether a passage is climate-related, re-
quiring the model to distinguish domain-relevant
content from superficially similar but topically un-
related text. Climate Specificity (Bingler et al.,
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2024) classifies climate-related statements as either
specific or vague, where specific statements con-
tain concrete commitments or measurable targets;
this distinction is central to assessing the substan-
tiveness of corporate disclosures and to detecting
greenwashing. Climate Commitments and Ac-
tions (Bingler et al., 2024) categorizes text into
forward-looking pledges versus descriptions of im-
plemented measures, operationalizing the gap be-
tween corporate rhetoric and realized climate ac-
tion. Climate Sentiment (Bingler et al., 2024)
assigns one of three labels — risk, opportunity, or
neutral — to climate-related paragraphs, captur-
ing the evaluative stance toward climate change
in corporate and policy discourse. Net Zero and
Reduction Targets (Schimanski et al., 2023a) clas-
sifies text into net-zero target, reduction target, or
no target, based on an expert-annotated dataset
of ~3.5K samples drawn from corporate reports
and national pledges. TCFD Recommendations
(Bingler et al., 2024) assigns text to the disclosure
categories of the Task Force on Climate-related
Financial Disclosures, covering governance, strat-
egy, risk management, and metrics and targets; the
multi-class formulation requires the model to differ-
entiate structurally similar but thematically distinct
disclosure dimensions.



Model Retr. Comm. Det. Spec. Sent. NetZ. TCFD WFB WXI Avg.

LRD-specialized merging (05" )

Osoup  83.6416 66.5437 954406 70.94071 76.7+14 989400 64.149o 97.3101 33.Ti53 76.3119
Ota.5) 809457 675418 94.7104 679102 71.0302 991100 60.3424 958105 24.8160 73.6119
Onorm 843418 673117 941411 675410 780415 982401 6l.4ior 964403 23.8434 T4.6413

CX-only merging (0x) — Ablation
60X 84.5116 66.5496 941103 69.6407 782198 98.3101 61.3115 96.5402 22.5483 74.2115

Soup

9,(152((045) 86.4108 67.1416 94.7411 68.241¢ 786431 98.1401 61.0410 96.3402 209471 74.6418

(IO 86.5+04 70.1417 944411 688410 77.8+15 98.3+05 61.2407 96.5405 26.8425 7594112

NORM

Table 10: Model merging comparison between LRD-specialized and context-extension-only (CX-only) checkpoints.
All values report F; scores (%, mean + standard deviation across three random seeds). LRD-specialized merging
represents the primary adaptation setting following the ModernBERT training procedure, while CX-only merging is
reported as an ablation to investigate whether effective parameter-space merging depends on LRD specialization.

Multi-label classification. Water, Forest, Bio-
diversity, and Nature (WFB Nature) (Schiman-
ski et al., 2023b) is grounded in the Taskforce on
Nature-related Financial Disclosures framework,
where each text sample may be labeled across four
nature dimensions — water, forest, biodiversity,
and a general nature category — requiring the
model to capture co-occurring thematic content in
corporate environmental disclosures. WXImpact-
Bench (Yu et al., 2025) evaluates understanding of
disruptive weather impacts on society across six im-
pact categories: infrastructural, political, financial,
ecological, agricultural, and human health. The
dataset is constructed from historical newspaper
articles through a four-stage pipeline of keyword
extraction, event categorization, topic-aware article
selection, and expert annotation.

Retrieval. ClimRetrieve (Schimanski et al.,
2024) benchmarks information retrieval from cor-
porate climate disclosures. The dataset pairs 16
detailed climate-related questions with 30 sus-
tainability reports, yielding over 8.5K question-
passage pairs annotated at multiple relevance lev-
els. We follow the report-level setup of Schi-
manski et al. (2024) and cast the task as binary
relevance classification by collapsing the origi-
nal ordinal relevance scale at threshold > 1, so
a single architecture and metric are shared with
the classification tasks; the split sizes in Table 9
count (query, passage, relevance) triples after the
80/10/10 stratified split.
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