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Abstract

This paper addresses the challenge of adapt-
ing language models to the jurisdiction-
specific nature of legal corpora. Exist-
ing approaches—training separate models for
each jurisdiction or using a single shared
model—either fail to leverage common legal
principles beneficial for low-resource settings
or risk negative interference from conflicting ju-
risdictional interpretations. To overcome these
limitations, we propose a parameter-efficient
framework ProMALex, that first derives hier-
archical relationships across jurisdictions and
progressively inserts adapter modules across
model layers based on jurisdictional similarity.
This design allows modules in lower layers to
be shared across jurisdictions, capturing com-
mon legal principles, while higher layers spe-
cialize through jurisdiction-specific adapters.
Experimental results on two legal language
modeling benchmarks demonstrate that Pro-
MALex outperforms both fully shared and
jurisdiction-specific models.

1 Introduction

Language models, with their unsupervised pre-
training on vast datasets, excel in NLP tasks (De-
vlin, 2018; Raffel et al., 2020; Radford et al., 2019;
Brown et al., 2020; Zhang et al., 2022) and have
transformed the legal industry with applications
like contract analysis and statutory interpretation
(Dahl et al., 2024; Katz et al., 2024; Martínez, 2024;
Blair-Stanek et al., 2023; Engel and Mcadams,
2024; Kang et al., 2023; Guha et al., 2024; Santosh
et al., 2025). However, adapting these models to
specialized legal tasks poses challenges (Katz et al.,
2023; Santosh et al., 2024a), making continued
pre-training on legal corpora a promising approach
to enhance legal domain-specific understanding
(Chalkidis et al., 2020, 2023; Niklaus et al., 2023b;
Paul et al., 2023; Santosh et al., 2024c; Colombo
et al., 2024b).

Yet, legal data introduces unique challenges
due to its jurisdiction-dependent nature. Un-
like domains such as medicine or science, where
principles are globally consistent, legal frame-
works—shaped by statutes, precedents, and en-
forcement mechanisms—vary significantly across
jurisdictions. For example, the doctrine of strict
liability has jurisdiction-specific interpretations. In
the UK, it originates from Rylands v. Fletcher
(1868), which established liability for inherently
dangerous activities regardless of fault. In contrast,
US law primarily applies strict liability to prod-
uct liability, as seen in Katz v. The Queen (1989),
where manufacturers are held accountable for de-
fective products. Similarly, the right to privacy
reflect shared principles but diverge in implemen-
tation: in the EU, privacy is codified through the
GDPR, which sets stringent guidelines for data
protection. Under the European Convention on Hu-
man Rights, Article 8 guarantees respect for private
and family life. Meanwhile, in India, privacy was
established as a fundamental right under Article
21 of the Constitution in Justice K.S. Puttaswamy
v. Union of India (2017). A model trained with-
out accounting for jurisdictional distinctions risks
conflating these nuances, leading to misinterpreta-
tions of their scopes, legal thresholds, enforcement
mechanisms, or sources of authority.

A naïve solution to address this is training sepa-
rate models for each jurisdiction (Paul et al., 2023;
Zheng et al., 2021), preserves jurisdictional dis-
tinctions, but fails to leverage shared legal princi-
ples, making it inefficient for low-resource juris-
dictions. Conversely, a single shared model across
jurisdictions, as done in prior works (Chalkidis
et al., 2020; Niklaus et al., 2023b; Santosh et al.,
2024c; Colombo et al., 2024b), enables knowl-
edge sharing but risks negative interference, where
conflicting interpretations undermine jurisdiction-
specific understanding. For example, conflating
GDPR frameworks with Indian privacy case law,
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leading to misinterpretations of legal thresholds or
rights applicable to specific scenarios.

Achieving an optimal balance is therefore cru-
cial: shared representations capture common legal
principles, facilitating positive transfer across re-
lated jurisdictions, while jurisdiction-specific mod-
ules disentangle the nuanced reasoning and prece-
dential variations. However, existing approaches
often struggle to strike this balance, either over-
fitting to dominant jurisdictions or oversimplify-
ing legal system heterogeneity. Additionally, fully
fine-tuning large models is expensive, underscor-
ing the need for parameter-efficient solutions that
enable controlled knowledge sharing while preserv-
ing jurisdiction-specific specialization.

To address these challenges, we propose Pro-
MALex (Progressive Module Adapters for Legal
Language Modeling), a parameter-efficient frame-
work leveraging LoRA (Hu et al., 2021) modules
inserted into a frozen pre-trained model. ProMA-
Lex employs hierarchical agglomerative cluster-
ing on dataset embeddings to automatically derive
jurisdictional relationships. This clustering struc-
ture and relatedness scores guides: (1) which juris-
dictions should share parameters, (2) up to which
layer parameters remain shared before splitting into
jurisdiction-specific modules, and (3) how parame-
ters are allocated for each jurisdiction after the split.
Initially, ProMALex uses shared LoRA parameters
across all jurisdictions at lower layers. As layers
progress, the parameters are progressively split into
jurisdiction-specific modules based on the derived
jurisdictional relationships. This progressive strat-
egy leverages shared foundational knowledge at
lower layers with fine-grained specialization for
jurisdictional nuances at higher layers.

We evaluate ProMALex through two legal lan-
guage modeling experiments using case law docu-
ments from: (1) English-speaking jurisdictions, in-
cluding the EU, ECHR, India, Canada, and the UK,
and (2) a multilingual setup covering jurisdictions
such as Switzerland, Germany, Denmark, and Bel-
gium. ProMALex consistently outperforms both
fully-shared models and jurisdiction-specific mod-
els, particularly in low-resource jurisdictions. It
also exhibits superior robustness on legislative cor-
pora, effectively grasping formalized legal princi-
ples in legislation from the nuanced, context-driven
reasoning in case law.

2 Related Work

Legal-specific Pretraining Continuing pretraining
on domain-specific corpora has shown consistent
improvements in downstream task performance
(Gururangan et al., 2020). This method has been
widely adopted in legal NLP, resulting in models
like LegalBERT (Chalkidis et al., 2020), CaseLaw-
BERT (Zheng et al., 2021), and PoLBERT (Hen-
derson et al., 2022), among others. Recent works
such as LexLMs (Chalkidis et al., 2023) consoli-
date efforts by pretraining on multinational corpora
like LeXFiles. Similarly, multilingual models, in-
cluding LegalXLM (Niklaus et al., 2023b), extend
these advancements to non-English jurisdictions.

While encoder-only architectures dominate,
emerging approaches explore encoder-decoder and
decoder-based architectures, leveraging instruction
tuning and preference optimization for enhanced
task-specific performance (Santosh et al., 2024c;
Niklaus et al., 2024; Colombo et al., 2024b). De-
spite significant progress, existing approaches fail
to account for jurisdictional variations, diluting
critical distinctions. Our work addresses these
limitations by focusing on efficient pretraining tai-
lored for multi-jurisdictional corpora to preserve
and leverage jurisdiction-dependent nuances. Re-
fer to Appendix A for a comprehensive review of
legal-specific models.
Specializing LLMs to Domains Domain special-
ization techniques can be categorized into three ap-
proaches (Ling et al., 2023): external augmentation,
which retrieves and incorporates relevant knowl-
edge as context during inference (Long et al., 2023;
Xu et al., 2023; Mao et al., 2024); prompt crafting,
which uses domain-specific instructions or tem-
plates to guide model (Nachane et al., 2024; Heston
and Khun, 2023; Yu et al., 2022; Jiang and Yang,
2023); and internal knowledge updates, which fine-
tune the model on domain-specific text (Kraljevic
et al., 2021; Rongali et al., 2020; Colombo et al.,
2024b). While external augmentation and prompt-
ing are effective, they face challenges such as con-
flicts between retrieved and internal knowledge
and insufficient recall of domain-specific details.
Hence, we focus on fine-tuning using adapter-based
techniques (e.g., Adapters, LoRA), which mitigate
catastrophic forgetting and allow resource-efficient
adaptation (Poth et al., 2023; Houlsby et al., 2019;
Hu et al., 2021). Our approach is particularly tai-
lored to multi-jurisdictional legal modeling, paral-
leling multi-task or multi-domain challenges.
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Figure 1: (Left) Pairwise similarities between jurisdictions and the proportion of each jurisdiction’s dataset relative
to the entire corpus. (Center) Hierarchical tree (dendrogram) derived from the similarity values, scaled from 1 to 22
(total number of model layers). (Right) Design of progressive adapters across model layers. The colors of each
jurisdiction represent the adapter block that gets activated during both training and inference. The size of the adapter
blocks indicates their rank, proportional to the size of the corresponding jurisdiction’s dataset.

Existing multi-task learning methods fall into
two main categories. End-to-end models either
train all tasks jointly, often ignoring task-specific
variations (Xin et al., 2024), or adopt a mixture-of-
experts framework to learn dynamically allocating
experts (Dou et al., 2024). Two-stage methods, on
the other hand, train single-task modules and use
routing mechanisms, fusion layers, or weighted
combinations of individual task-specific models
(Feng et al., 2024; Pfeiffer et al., 2020; Huang et al.,
2023). While two-stage models offer modularity,
they lack direct parameter sharing (Gururangan
et al., 2021; Diao et al., 2023). End-to-end mod-
els, in contrast, allow parameter sharing but often
fail to leverage metadata information for domain
distinctions (Shen et al., 2023).

Our framework, ProMALex, builds on hierar-
chical approaches like Chronopoulou et al. (2021),
which use predefined domain relationships to ob-
tain hierarchical tree structure for selective pa-
rameter sharing, enabling positive transfer while
minimizing interference. However, they apply a
uniform hierarchical tree of adapters across all
layers, over-constraining lower layers and under-
specializing higher ones, limiting their ability to
capture nuanced domain variations. ProMALex ad-
dresses this by adopting a progressive approach that
leverages this hierarchy to identify optimal transi-
tion points for shifting from shared to jurisdiction-
specific parameters, ensuring optimal sharing.

3 Our Approach: ProMALex

Our goal is to adapt a pre-trained base language
model to a multi-jurisdictional legal corpus span-
ning N jurisdictions using parameter-efficient mod-
ules like LoRA with a fixed rank K per layer, en-
abling efficient adaptation without full retraining.
The model is trained on a language modeling task
to predict the next token based on context. A key
assumption is the availability of jurisdictional infor-
mation for each instance during both training—a
common scenario in real-world deployments to
maintain contextual jurisdictional relevance. To
achieve this, we propose ProMALex, which em-
ploys a data-driven approach to identify relation-
ships among jurisdictions to create a hierarchical
structure that guides the progressive application of
LoRA adapters across model layers.

3.1 Hierarchical Structure Creation

To identify relationships between jurisdictions, we
generate embeddings by randomly sampling an
equal number of instances from each jurisdiction’s
corpus. Using the pre-trained base language model,
we compute contextual representations for these
samples, aggregating them to produce a normal-
ized mean embedding for each jurisdiction, which
captures its characteristics (Vu et al., 2020; Ag-
garwal et al., 2024). We then apply Agglomera-
tive Clustering, a bottom-up hierarchical algorithm,
where each jurisdiction starts as its own cluster,
and these clusters are successively merged based
on cosine similarity, ensuring jurisdictions with
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similar dataset characteristics are merged first. The
resulting hierarchical structure is represented as a
dendrogram (Fig. 1), where closely related juris-
dictions remain clustered deeper in the hierarchy,
while more distinct jurisdictions diverge at lower
depths in the tree. This hierarchical structure forms
the basis for the Progressive Adapter Design.

3.2 Progressive Adapter Design
The similarity scores obtained from the hierarchi-
cal clustering tree are scaled from 1 to the total
number of layers in the pre-trained model. These
scores and the hierarchical relationships define how
jurisdictions share adapters at each layer, specify-
ing up to which layer they use a common adapter
before transitioning to specialized modules.

In the higher levels of the hierarchy, where ju-
risdictions exhibit high similarity, a single shared
LoRA module is applied across all jurisdictions
in the lower layers, enabling efficient learning of
common patterns. As the model advances to higher
layers, the clustering hierarchy dictates the intro-
duction of specialized LoRA modules. Jurisdic-
tions that become increasingly distinct are assigned
independent LoRA modules, allowing the model
to capture their unique characteristics. This pro-
gressive approach ensures that closely related ju-
risdictions share LoRA adapters over more layers,
while those further apart split earlier, achieving a
balance between efficient shared learning and pre-
cise specialization to capture nuanced distinctions.
For example, as shown in Figure 1, jurisdictions
{U,V,W,X,Y} share a common adapter up to Layer
7 and they split into two groups: {U,V,W} and
{X,Y}. The sub-group {X,Y} further splits at Layer
15, while {U,V,W} splits into {U,V} and {W} at
Layer 13. Finally, {U,V} separates into individual
adapters for U and V at Layer 19.

To adhere to a fixed budget of rank K per layer,
the available LoRA rank is divided proportionally
at each split layer based on the dataset sizes of
the jurisdictions in each group. Jurisdictions with
larger datasets are allocated a greater share of the
parameter budget, ensuring sufficient capacity to
model their complexity. During training and infer-
ence, data activates the corresponding LoRA mod-
ules based on the jurisdiction label as it progresses
through the model layers. The progressive adapter
design enables the model to leverage shared knowl-
edge in lower layers based on jurisdictional simi-
larity while progressively introducing specialized
adapters in higher layers to capture fine-grained

distinctions for accurate and contextually relevant
legal language modeling.

4 Experiments

4.1 Datasets

We conduct experiments in two setups to evalu-
ate the adaptability of legal language models: one
using English legal corpora and the other using mul-
tilingual legal corpora from various jurisdictions.
We use the Case law documents, representing ju-
dicial decisions issued by courts, for training and
testing these models. Case law often contains rich
reasoning, judicial interpretations, and practical ap-
plications of legislation, making it an ideal source
for training models in understanding the nuances
of legal language and context.

For the English setup, we include case law files
from five jurisdictions: EU, ECHR, UK, India,
and Canada, derived from the LexFiles corpus
(Chalkidis et al., 2023). For the multilingual setup,
we use case law corpora from four jurisdictions:
Switzerland, Germany, Denmark, and Belgium, ob-
tained from Multilegalpile corpus (Niklaus et al.,
2023b). Specific details of these dataset sources
are described in Appendix B.

Dataset sizes, including the number of docu-
ments and tokens for each jurisdiction in both se-
tups, are summarized in Appendix Table 4 and 5.

4.2 Baselines & Implementation Details

For our experiments, we use GPT-2-XL (Radford
et al., 2019) as the base model for the English setup
and mGPT-XL (Shliazhko et al., 2022) for the mul-
tilingual setup. Both models are adapted to legal
corpora using LoRA modules (Hu et al., 2021) with
a rank budget of 64 per layer for parameter-efficient
fine-tuning. Detailed experimental hyperparame-
ters are provided in Appendix C.

We compare ProMALex against the following
baselines: (a) Shared: A single LoRA (rank 64
per layer) is trained on the combined data from all
jurisdictions, without explicit conditioning on juris-
diction labels during training or inference. This ap-
proach reflects the most common paradigm in prior
works on legal language modeling (Chalkidis et al.,
2023; Niklaus et al., 2023a; Colombo et al., 2024b;
Santosh et al., 2024c). (b) Mixture of Experts-
LoRA (MoELoRA) (Dou et al., 2024; Luo et al.,
2024): Inspired by MoE (Fedus et al., 2022), this
approach replaces Mutliheaded attention weights
with LoRA experts and employs a router to select
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ECHR EU Ind UK Can Avg. Swi Ger Den Bel Avg.

Base 8.857 7.947 17.281 16.178 68.253 23.703 604.369 625.124 449.576 281.797 490.217
Shared 6.562 6.603 10.847 10.673 5.466 8.030 8.543 8.081 7.039 4.752 7.104
MoELoRA 7.564 7.561 13.142 12.915 6.019 9.440 10.158 9.565 8.239 5.389 8.338
Single-Uni 6.349 6.381 10.651 10.509 5.375 7.853 8.497 8.037 6.879 4.528 6.985
Single-NonUni 6.374 6.366 10.669 10.302 5.473 7.837 7.502 7.531 6.301 4.251 6.396
Two-Stage 6.479 6.372 10.783 10.314 5.678 7.925 8.506 8.047 7.012 4.738 7.076
HLoRA 6.425 6.374 10.584 10.393 5.213 7.798 6.935 7.481 6.286 4.228 6.233
ProMALex 6.080 6.093 10.118 10.203 4.986 7.496 5.643 6.918 5.594 3.717 5.468

Table 1: Perplexity scores across jurisdictions and their averages in both English and Multilingual setups (lower is
better). ProMALex consistently outperforms baseline models, achieving lower perplexity scores in both settings.

appropriate experts. Both the LoRA experts and
the router are optimized during training. Routing
does not explicitly use jurisdiction labels, leaving
the model to learn the optimal allocation of data
to experts. To address the common issue of router
convergence favoring a small subset of experts, we
include a balancing loss (Shazeer et al., 2017) that
equalizes expert utilization. In our experiments,
we use five experts for the English setup and four
for the multilingual setup. The total rank per layer
is constrained to 64, distributed uniformly among
the experts. (c, d) Single LoRA (Uniform, Non-
Uniform): separate LoRA experts are trained for
each jurisdiction, and inference is performed exclu-
sively using the expert corresponding to the specific
jurisdiction. The total rank per layer is constrained
to 64, with two variations for rank allocation: in the
uniform case, the rank is evenly distributed across
all experts, while in the non-uniform case, the rank
is allocated proportionally based on the number
of tokens in the training data for each jurisdiction.
(e) Two-stage MoELoRA, inspired from Wu et al.
(2024); Pfeiffer et al. (2020), this approach first
trains single LoRA modules for each jurisdiction
separately. In the second stage, the model dynam-
ically learns how to combine the performance of
multiple trained LoRAs through a routing network.
Only the gating module is trained in the second
stage, with the LoRA experts from the first stage
frozen. For this setup, we use the non-uniform sin-
gle LoRA experts in the first stage, as they have
demonstrated better performance compared to the
uniform variant. (f) Hierarchical LoRA (HLoRA)
(Chronopoulou et al., 2021), similar to ours, de-
rives a data-driven hierarchical clustering structure
of different jurisdictions and designs hierarchical
adapters that are applied uniformly across each
transformer layer. To ensure a fair comparison
with our method, the rank budget of 64 per layer
is evenly distributed across all LoRA blocks at dif-

ferent depth levels within each layer. Jurisdiction
labels are explicitly used during both training and
inference to route data through predefined hierar-
chical paths within each layer.
In all router-based methods, the router is imple-
mented as a two-layer MLP, which adds extra pa-
rameter overhead compared to ProMALex, Single
LoRA, Shared, or HLoRA models.

4.3 Results

We report the perplexity scores for each jurisdic-
tion in the case law corpus, along with the overall
average, for the English and Multilingual setup
in Table 1. All methods are implemented with
a fixed additional compute budget constraint on
top of the base model to ensure a fair comparison
across them. The results show that a fully shared
LoRA module across all jurisdictions outperforms
MoELoRA in both setups across all jurisdictions, re-
gardless of their dataset proportions. This suggests
that MoELoRA struggles to effectively distinguish
between jurisdictions, leading to suboptimal allo-
cation of experts during training and inefficient
activation during inference. This finding highlights
the complexity of learning jurisdiction-specific nu-
ances, in fine-grained domains, such as case law
corpora, where topical overlap between jurisdic-
tions is significant and demonstrates that predefin-
ing and allocating expert modules may be more
effective than allowing the model to learn these
distinctions implicitly.

Furthermore, a single LoRA module per juris-
diction (without any sharing) outperforms shared
configurations, indicating that combining data from
multiple jurisdictions makes it harder for the model
to disentangle and learn jurisdiction-specific nu-
ances. This challenge is particularly pronounced
for low-resource jurisdictions in the multilingual
setup, where overrepresented jurisdictions receive
disproportionate parameter allocation, thereby ex-
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acerbating underfitting in less-represented jurisdic-
tions. These findings underscore the importance
of a balanced parameter distribution, rather than
implicit allocation by model through learning. In-
terestingly, non-uniform single-module allocation,
where parameters are distributed proportionally
based on dataset size, performs better than uniform-
single allocation, suggesting an optimal parameter
distribution in a multi-jurisdiction setup, balances
resource allocation based on data availability. In
the multilingual setup, where dataset distribution
is skewed, assigning more parameters to highly
populated corpora like Switzerland significantly
improves perplexity. However, reducing parameter
allocation for other jurisdictions such as Germany,
Denmark, and Belgium also leads to improvement,
highlighting that excessive parameter allocation to
low-resource jurisdictions may cause overfitting
and hinder generalization.

Two-stage MoELoRA, which builds on non-
uniform allocation by introducing a learned rout-
ing mechanism to activate specific experts per in-
put, underperforms compared to the single-module
model. This suggests that the model struggles
to learn an effective strategy for expert activa-
tion and knowledge sharing across jurisdictions,
ultimately diminishing its performance. The ad-
dition of learned routing introduces complexity,
but without an effective method to leverage it, the
model fails to achieve the desired outcome. HLoRA,
which predefines module activation paths based on
jurisdictional relationships derived from embed-
dings, improves over both shared and single mod-
els. This confirms our earlier observation that both
complete specialization and complete sharing of
parameters are suboptimal, with predefined hierar-
chical sharing offering a more effective alternative.
However, HLoRA applies a static hierarchical tree
across all layers, which may constrain lower layers
too rigidly while under-specializing higher layers.
This limitation restricts the model’s ability to cap-
ture nuanced jurisdiction variations and disrupts the
optimal allocation of parameters when too many
modules are used at certain layers.

In contrast, ProMALex further improves over
HLoRA by introducing a progressive hierarchical
approach. Rather than enforcing a fixed hierar-
chical tree across all layers, ProMALex dynam-
ically determines transition points where layers
shift from shared to jurisdiction-specific param-
eters. This flexibility allows for more adaptive
specialization and ensures that parameters are op-

timally allocated at each split, improving overall
model performance. By progressively disentan-
gling shared and jurisdiction-specific knowledge at
different layers, ProMALex captures fine-grained
distinctions across jurisdictions, allowing it to out-
perform all prior methods in both setups.

Across both setups, the performance gap is larger
in the multilingual setup compared to English,
which can be attributed to the base model’s pre-
training knowledge. To analyze this, we report per-
plexity scores on the base model without any fine-
tuning, capturing its inherent jurisdictional knowl-
edge from pretraining. The results suggest that the
English model already possesses significant knowl-
edge of these jurisdictions due to its pretraining
corpus, whereas the multilingual model has much
higher perplexity scores, indicating less inherent fa-
miliarity with specific jurisdictions. This highlights
the challenges of multilingual models in acquiring
and generalizing domain-specific knowledge across
varied legal systems, further reinforcing the effec-
tiveness of ProMALex’s progressive approach.

4.4 Discussion & Analysis

4.4.1 Ablation on ProMALex

We analyze two key design components of ProMA-
Lex: (i) deriving similarity values between juris-
dictions to determine the hierarchical structure for
progressive adapter design and the layers at which
splits occur, and (ii) the strategy for parameter allo-
cation between jurisdictions after splitting from a
shared module.

For the first component, we compare ProMA-
Lex’s Dataset Embedding Similarity (DES) (Sec-
tion 3.1) with two alternative similarity measures:
(i) Vocab Overlap Ratio (VOR): It quantifies juris-
dictional similarity at the lexical level by calculat-
ing the vocabulary overlap using Jaccard Similarity
Index (in %) between the top most frequent words
(excluding stopwords) in each corpus (Gururangan
et al., 2020). VOR has been used in prior works on
legal case summarization (Santosh et al., 2024b) to
assess cross-jurisdictional similarity. (ii) Model Pa-
rameter Similarity (MPS): This method is based on
the idea that additional parameters, learned through
parameter-efficient fine-tuning on a specific juris-
diction, capture jurisdiction-specific knowledge.
Previous studies (Feng, 2023; Zhou et al., 2022;
Aggarwal et al., 2024) have shown that these ad-
ditional parameters can serve as effective embed-
dings for quantifying jurisdictional similarity. To
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ECHR EU Ind UK Can Avg. Swi Ger Den Bel Avg.

DES (ProMALex) 6.080 6.093 10.118 10.203 4.986 7.496 5.643 6.918 5.594 3.717 5.468
MPS 6.163 6.202 10.317 10.295 5.061 7.608 5.651 7.029 5.732 4.069 5.620
VOR 6.232 6.234 10.382 10.279 5.107 7.647 5.674 7.191 5.931 4.091 5.722

Uniform 6.346 6.316 10.445 10.298 5.171 7.715 5.988 7.432 6.399 4.301 6.030
Non-Uniform 6.304 6.282 10.418 10.268 5.168 7.688 5.898 7.229 6.334 4.139 5.900

Table 2: Ablation Study on ProMALex Components: Perplexity Scores Across Jurisdictions and Averages in
English and Multilingual Setups (lower is better). The first group investigtes different methods for determining
relationships between jurisdictions, while the second explores parameter allocation strategies during splitting.

implement MPS, we fine-tune a model on each
corpus (similar to our single-uniform model) and
compute the similarity between the learned model
parameters. These similarity values are then used
to guide the hierarchical structure and determine
layer transitions, following a similar approach as
in ProMALex and the parameters after split are
allocated based on the proportion of each dataset.

We report the perplexity scores for each jurisdic-
tion and their averages in both setups in Table 2,
and visualize the hierarchical structures with layer
transitions in the Appendix D. All methods outper-
form the prior baselines in Table 1, demonstrating
the effectiveness of the modular progressive de-
sign for optimal sharing and specialization across
jurisdictions. Among the methods, VOR is the
least effective, indicating that vocabulary overlap
alone does not provide a reliable or well-calibrated
measure for determining jurisdictional similarity
or transition points. Additionally, VOR determines
similarity independently of the base model, failing
to leverage the model’s inherent knowledge, which
may lead to suboptimal results for a given base
model. MPS improves over VOR but lags behind
DES. Despite the additional complexity of fine-
tuning the model to obtain parameters that capture
jurisdictional similarity, MPS does not outperform
the simpler DES approach, which directly utilizes
the existing base model for similarity determina-
tion. The main reason for this difference is that
while MPS utilizes the additional learned param-
eters on top of base model to encode jurisdiction-
specific knowledge, it may not be optimally con-
figured to initiate the hierarchy design for effec-
tive complementarity during training. In contrast,
DES leverages the base model to derive similarities,
facilitating the construction of a well-calibrated
adapter design hierarchy. This approach helps dis-
entangle the base model’s embedding space, allow-
ing for more effective sharing and specialization

across jurisdictions. These findings suggest that
utilizing the base model’s learned parametric space
to determine jurisdictional similarities can lead to
more efficient model adaptation. Exploring meth-
ods that leverage the base model’s parametric space
for similarity estimation presents a promising di-
rection for future research.

To study the second design compo-
nent—parameter allocation—we use a simple
VOR-based hierarchical structure and compare two
allocation strategies: (i) non-uniform allocation,
where parameters are assigned in proportion to
dataset size after each split, and (ii) uniform
allocation, where parameters are evenly distributed
across all jurisdictions after a split. Instead of
relying on similarity values, we perform splits
at equal intervals across layers, determined by
the total tree depth. From the second group in
Table 2, we observe that non-uniform allocation
consistently improves performance across all juris-
dictions, leading to better resource utilization. In
contrast, uniform allocation may lead to overfitting
in low-resource jurisdictions and underfitting in
high-resource ones. Interestingly, dataset size
emerges as a strong indicator for parameter alloca-
tion in this setup, though this may not generalize if
datasets contain redundancy. This finding warrants
further investigation into allocation strategies that
consider dataset diversity by analyzing the density
of the parametric embedding space.

Comparing Non-uniform to VOR in Table 2, the
key difference lies in how transition layers are de-
termined: VOR uses similarity values, whereas
Non-uniform relies on equal spacing. We ob-
serve that VOR-based allocation consistently out-
performs Non-uniform allocation across all juris-
dictions. This suggests that leveraging similarity
measures enables more calibrated and adaptive tran-
sition points, leading to better specialization, in
contrast, to equal spacing between layers, reinforc-
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ECHR EU India UK Canada Average

Base 4.976 6.215 12.370 7.105 9.286 7.991
Shared 4.659 5.148 7.207 4.581 4.347 5.188
MoELoRA 4.487 5.288 9.444 4.783 4.404 5.681
Single-Uniform 4.413 5.195 10.427 4.585 4.262 5.776
Single-NonUniform 4.282 5.193 10.310 4.588 4.238 5.722
Two-stage MoELoRA 4.629 5.164 9.896 4.942 4.163 5.759
HLoRA 4.502 5.213 9.613 4.923 4.224 5.695
ProMALex 4.093 5.134 6.824 4.476 4.296 4.965

Table 3: Perplexity scores across five English jurisdictions and their average on the legislation corpus, assessing
generalization through case law codification (lower is better). ProMALex achieves the lowest perplexity scores,
outperforming all baseline models.

ing the utility of similarity-driven approaches in
guiding progressive module design.

4.4.2 Jurisdiction Specificity
In addition to evaluating the models on the case
law corpus, we test them on a jurisdiction-specific
legislation corpus. This setup evaluates the models
to understand jurisdictional distinctions—such as
legal scopes, thresholds, and enforcement mech-
anisms—from the complex, context-driven rea-
soning in case law and map them to the formal-
ized structures of legislation. This process, known
as legal codification, represents a reverse knowl-
edge transfer scenario, where the models generalize
from the nuanced applications of law in case deci-
sions to the standardized legal norms in legislation.
This aligns with real-world use cases, such as sys-
tems that convert implicit legal knowledge from
case law into explicit legal principles, facilitating
automated codification and legislative drafting.

We obtain the legislation corpus for EU, UK,
and Canada from LexFiles (Chalkidis et al., 2023),
ECHR from Santosh et al. (2023) and India from
CivicTech India. Specific details of these dataset
sources are described in Appendix B.

We report the perplexity scores on the legislation
corpus across each jurisdiction, in Table 3. On aver-
age, the shared model outperforms MoELoRA, with
the reverse trend observed in specific jurisdictions,
such as ECHR. Interestingly, the single model per-
forms worse than the shared model, which contrasts
with the trends seen on the case law corpus (Tab.
1). While the single model shows improvements
in ECHR and Canada, it experiences a significant
decline when applied to the Indian corpus. Two-
stage model improves performance on the Indian,
EU and Canada corpus but results in a decline in
other jurisdictions, leading to an overall slightly
worse performance compared to the shared. While

HLoRA improves upon the single variants, it still
lags behind the shared models. ProMALex im-
proves across jurisdictions, showcasing its robust
generalizability and jurisdiction specificity.

These results highlight the importance of further
investigation into jurisdiction-specific characteris-
tics. For instance, the Indian corpus exhibits a
marked decline in performance with single models
compared to shared models. This suggests that,
in certain jurisdictions, the legislation corpus may
not closely align with the case law corpus, partic-
ularly when specific legal rules are not explicitly
addressed in case law or lack sufficient frequency
to form clear patterns. This discrepancy may arise
from factors such as memorization effects, the na-
ture of the base model’s pre-training data (as in-
dicated by its perplexity scores), and the varying
depth of legislative principles covered within case
law. Understanding these dynamics is crucial to
enhance codification abilities of these models.

A detailed case study is provided in App. E.

5 Conclusion

In this paper, we propose ProMALex, an effective
framework for adapting language models to multi-
jurisdictional legal corpora. ProMALex leverages
hierarchical relationships between jurisdictions, de-
rived from dataset embeddings of a base model, to
design a progressive adapter structure. This struc-
ture enables sharing adapters for similar jurisdic-
tions in lower layers, while gradually splitting into
jurisdiction-specific modules in higher layers. Sim-
ilarity scores guide the transition layers, and dataset
proportions inform parameter allocation across ju-
risdictions. Experimental results demonstrate that
ProMALex effectively disentangles the parameter
space, achieving a balance between jurisdiction-
specific specialization and cross-jurisdiction inter-
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action. Additionally, ProMALex outperforms pre-
vious methods in the challenging task of distilling
legal principles from case law to structured legisla-
tion, effectively mitigating jurisdictional conflicts
during pre-training. Future work will focus on refin-
ing parameter allocation strategies by considering
dataset diversity and enhancing the understanding
of similarities across different legal corpora.

Limitations

One key limitation of this study is the diversity of
the corpora used in our experiments. While we em-
ployed two setups—one in English covering five
jurisdictions and another multilingual setup cover-
ing four different jurisdictions—the analysis could
be extended to cover a broader range of languages
and legal systems. Increasing the linguistic and
cultural diversity of the corpora will help better as-
sess the robustness of ProMALex across a variety
of legal traditions. Moreover, a higher granularity
in labeling legal fields within these systems would
contribute to a more nuanced understanding of ju-
risdictional differences and help refine the model’s
ability to handle a wider array of legal contexts.
Additionally, we have used the term "jurisdiction"
in a broad sense to represent national legal frame-
works, but in countries like India, where individual
states have distinct jurisdictional constraints, there
are interesting opportunities for future work. Incor-
porating state-specific variations within a country
could provide further granularity and enrich the
model’s ability to handle intra-national legal com-
plexities.

In our experiments, we used GPT-2 as the base-
line model for the language modeling tasks. Future
work could extend this analysis to other models,
to investigate the effects of memorization in pre-
training data. This could provide insights into how
memorization influences adaptation and similar-
ity computation in the progressive module design,
shedding light on potential improvements in han-
dling long-term legal dependencies and fine-tuning
efficiency. While ProMALex has been evaluated
on legal language modeling tasks, further work is
needed to evaluate its performance on open-ended
generation tasks where the model would need to
generate legal text that adheres to specific jurisdic-
tional requirements. This would involve assessing
not only the model’s ability to produce contextu-
ally appropriate outputs, but also its capacity to
ensure legal accuracy in jurisdiction-specific sce-

narios. Such evaluations would be critical to deter-
mine the practical applicability of ProMALex in
real-world legal tasks where nuanced legal reason-
ing and adherence to jurisdictional-specific norms
are paramount.

Ethics Statement

The datasets used in this study are publicly avail-
able and sourced from prior works. While some
of these datasets are not anonymized and contain
real names, we do not anticipate direct harm result-
ing from our experiments. Nevertheless, the use of
such sensitive data requires careful consideration
of privacy, fairness, and ethical implications.

We do not advocate for the unchecked deploy-
ment of large language models in legal domains
without addressing significant challenges. These
challenges arise primarily from the pre-training of
LLMs on large, diverse datasets, which can rein-
force stereotypical patterns embedded in histori-
cal data. Legal corpora often reflect long-standing
biases, which, when used for training, may per-
petuate harmful societal stereotypes. Texts from
legal systems may embed historical inequalities
related to gender, race, or socio-economic status,
and LLMs trained on such data risk inadvertently
amplifying these biases, undermining fairness and
inclusivity in legal decision-making.

Another significant concern is hallucinated con-
tent. LLMs, especially when applied to legal tasks,
may generate plausible-sounding but factually in-
correct or legally inaccurate outputs. This can lead
to considerable harm, including providing incorrect
legal advice or judgments. Furthermore, fairness
in legal AI is critical, as biases in the underlying
data may cause models to perform poorly for cer-
tain groups or jurisdictions, leading to inequitable
outcomes. For example, models may struggle with
low-resource legal systems or fail to account for the
distinct legal frameworks of different jurisdictions,
resulting in inequitable outcomes.

This work represents technical progress in ad-
dressing jurisdiction-specific nuances in legal lan-
guage models, with a focus on reducing bias and
mitigating hallucinated content. By improving the
model’s ability to handle jurisdictional differences,
we aim to promote more equitable outcomes across
diverse legal systems. While this paper is a step
toward mitigating these challenges, we acknowl-
edge that much work remains. Continued research
is necessary, and we stress the importance of trans-
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parency, accountability, and ethical consideration
in the development and deployment of AI systems
in legal domain.
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A Related Work

Continuing pretraining models on domain-specific
corpora has consistently demonstrated improve-
ments in downstream task performance (Gururan-
gan et al., 2020). This approach has been adopted
in legal NLP, resulting in models such as Legal-
BERT (Chalkidis et al., 2020), trained on English
legal texts from the US, EU, and UK; CaseLaw-
BERT (Zheng et al., 2021), specialized in US fed-
eral and state court cases; PoLBERT (Henderson
et al., 2022), on the Pile of Law corpus spanning
US, Canadian, and EU legal documents; and InLe-
galBERT (Paul et al., 2023) on Indian legal texts.
Most recently, LexLMs (Chalkidis et al., 2023)
consolidated these efforts by pretraining on the

multinational LeXFiles corpus, encompassing six
English-speaking jurisdictions.

Beyond English, several multilingual
jurisdiction-specific models have emerged,
such as JuriBERT for French legal texts (Douka
et al., 2021), JurBERT for Romanian (Masala
et al., 2021), LamBERTa and ItalianLegalBERT
for Italian (Tagarelli and Simeri, 2022; Licari
and Comandè, 2022), RoBERTalex for Spanish
(Gutiérrez-Fandiño et al., 2021), Lawformer for
Chinese (Xiao et al., 2021), AraLegalBERT for
Arabic (Al-qurishi et al., 2022), LCUBE for
Korean (Hwang et al., 2022), and LegalBERT-pt
and BERTBR for Portuguese (Ciurlino, 2021).
Recently, LegalXLM (Niklaus et al., 2023b)
introduced a multilingual legal model trained on
the MultiLegalPile corpus, covering 24 languages
and 17 jurisdictions.

Most of these rely on BERT-style encoder-only
architectures. Recent works have explored other
architectures, including encoder-decoder models
such as LexT5 and FLawN-T5 (Santosh et al.,
2024c; Niklaus et al., 2024), pretrained on En-
glish and multilingual legal corpora, respectively,
decoder-based models such as SaulLM (Colombo
et al., 2024b) focusing on English legal text. In-
struction tuning has been employed to enhance
responsiveness to task-specific prompts in SaulLM
and FlawnT5 (Niklaus et al., 2024; Colombo et al.,
2024b,a), while preference training techniques like
DPO have been employed in SaulLM to align out-
puts with desired responses using synthetic legal
scenarios (Colombo et al., 2024a).

B Datasets

Caselaw Corpus: UK case law is obtained from
court decisions available on the British and Irish
Legal Information Institute. EU court decisions,
primarily issued by the Court of Justice of the Euro-
pean Union, are sourced from EUR-Lex. Canadian
decisions originate from the dataset published by
Henderson et al. (2022). ECHR case law, ruled by
the European Court of Human Rights, is accessed
via the HUDOC database. Indian Supreme Court
cases are sourced from Indian Kanoon, as provided
by Malik et al. (2021). Switzerland’s trilingual
caselaw corpus (German, French, and Italian) is
obtain from from Entscheid Suche. Germany case
law in German is from Open Legal Data. Denmark
case law in Danish, sourced from DDSC. Belgian
case law, available in French, are retrieved from
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Jurportal.
We split each document in corpus into 2048 to-

ken based chunks. Dataset statistics are provided in
Table 4 and 5 for English and Multilingual setups.
Legislation Corpus: UK legislation is accessed
via the UK National Archives, while Canadian acts
and regulations are sourced from the official legis-
lation portal of Canada. EU regulations, directives,
and decisions are obtained from EUR-Lex. ECHR
legislation is based on the European Convention on
Human Rights, accessed through the ECHR web-
site, as sourced by Santosh et al. (2023). Indian
legislation is derived from the India Code website
and sourced from CivicTech India. Dataset statis-
tics are provided in Table 6.

C Implementation Details

We utilize the Hugging Face Transformers library
(Wolf et al., 2020) for our experiments. For the
English setup, we use GPT-2-XL (Radford et al.,
2019) with 1.5 billion parameters, consisting of
48 Transformer blocks and a context window of
1024 tokens. For the multilingual setup, we employ
mGPT-XL (Shliazhko et al., 2022) with 1.3 billion
parameters, 48 Transformer blocks, and a context
window of 2048 tokens. LoRA (Hu et al., 2021)
modules are implemented using the PEFT library.

All experiments are conducted on a cluster
equipped with four NVIDIA A100 GPUs. The
models are trained using the AdamW optimizer
(Loshchilov, 2017) with a learning rate of 2×10−5,
weight decay of 0.01, and a cosine learning rate
schedule. A 10% warmup phase is employed, and
mixed-precision training is used to enhance compu-
tational efficiency. We set the per-device batch size
to 4 and use gradient accumulation across multiple
GPUs to achieve an effective batch size, training
for 1 epoch to mitigate overfitting on duplicated
data. During evaluation, the first half of the tokens
(512 for English and 1024 for Multilingual) are
used as context, and perplexity is computed over
the subsequent half. LoRA matrices with a rank
of 64 are added per layer in the self-attention pro-
jections (cattn and cproj) of GPT-2. The rank is
split according to the specific strategies described
for each baseline.

D Visualizations of Hierarchical Trees
(Dendrograms)

Figures 2 and 3 visualize the hierarchical trees pro-
duced using different methods (DES, VOR, MPS)

in the English and Multilingual Setup respectively.
The similarity scores obtained are scaled to number
of layers, indicating the transition points in the pro-
gressive adapter design. Parameter allocation after
the split is also indicated by specifying the rank of
LoRA modules in each corresponding layer.

Based on the results in Table 2, the underperfor-
mance of VOR can be attributed to non-calibrated
similarity values, a trend also observed in Figures 2
and 3. In contrast, the MPS method produces struc-
tures that differ substantially from DES, highlight-
ing the need for further study into how these simi-
larity constraints impact performance. Understand-
ing these differences requires legal expertise, as
interpreting the reasoning behind these structures is
not trivial. While these insights are valuable for en-
hancing the alignment of produced structures with
legal backing, determining the appropriate similar-
ity structures is a complex task, as legal interpre-
tations often involve nuanced, context-dependent
reasoning that is difficult to quantify.

E Case Study

We present a case study to illustrate the effec-
tiveness of ProMALex using judgments from the
ECHR corpus. Consider the following excerpts:

Excerpt A The Court reiterates that an inter-
ference with the exercise of freedom of peaceful
assembly does not need to amount to an outright
ban, whether legal or de facto, . . . . . . 55. An inter-
ference will constitute a breach of Article 11 unless
it was prescribed by law, pursued one or more of
the legitimate aims set out in paragraph 2 of that
provision and was necessary in a democratic so-
ciety for the achievement of those aims. . . . . . . 57.
One of the requirements flowing from the expres-
sion prescribed by law is foreseeability. Thus, a
norm cannot be regarded as a law unless it is formu-
lated with sufficient precision to enable individuals
to regulate their conduct; they must be able – if
need be with appropriate advice – to foresee, to a
degree that is reasonable in the circumstances, the
consequences which a given action may entail.

Analysis On comparing the perplexity values for
the above excerpt between the shared model and
ProMALex, we observed significant declines for
phrases such as "prescribed by law," "necessary in
a democratic society," and "foreseeability." These
terms, while appearing general, carry jurisdiction-
specific interpretations within the context of the
ECHR. For instance, "prescribed by law" in ECHR
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ECHR EU India UK Canada Average

Train

Documents 10.53K 24.33K 28.82K 39.04K 8.49K 111.20K
Chunks 156.15K 305.52K 189.06K 675.95K 71.01K 1.40M
Tokens 159.90M 312.85M 193.60M 692.18M 72.71M 1431.24M

Test

Documents 1.00K 3.17K 3.00K 4.00K 1.40K 12.57K
Chunks 15.31K 60.73K 18.88K 82.85K 11.64K 189.40K
Tokens 15.67M 62.19M 19.33M 84.84M 11.92M 193.95M

Table 4: Dataset statistics of case law corpora for five jurisdictions (ECHR, EU, India, UK, and Canada) in the
English setup.

Switzerland Germany Denmark Belgium Average

Train

Documents 492.80K 161.34K 3.55K 1.78K 659.47K
Chunks 1.90M 559.94K 23.26K 13.56K 2.50M
Tokens 3890.40M 1146.77M 47.63M 27.77M 5112.57M

Test

Documents 123.20K 40.34K 0.89K 0.45K 164.87K
Chunks 474.82K 139.00K 5.84K 3.53K 623.19K
Tokens 972.43M 284.66M 11.96M 7.23M 1276.29M

Table 5: Dataset statistics of case law corpora for four jurisdictions (Switzerland, Germany, Denmark and Belgium)
in the Multilingual setup.

ECHR EU India UK Canada Average

Documents 33 6.83K 1.93K 4.00K 0.50K 13.29K
Chunks 0.15K 88.16K 2.01K 32.46K 4.01K 126.79K
Tokens 153.60K 90.28M 2.06M 33.23M 4.11M 129.84M

Table 6: Dataset statistics of the legislation corpora for five jurisdictions (ECHR, EU, India, UK, and Canada) in the
English setup.

jurisprudence requires not only the existence of a
legal basis but also adherence to principles of ac-
cessibility, foreseeability, and compatibility with
the rule of law, emphasizing the protection of in-
dividuals from arbitrary state action. Similarly,
"necessary in a democratic society" embodies the
ECHR’s proportionality test, balancing the protec-
tion of fundamental rights with legitimate public
interest—a principle that varies significantly across
legal systems. The term "foreseeability," while
potentially appearing in other jurisdictions, is par-
ticularly nuanced in ECHR case law. It demands
that laws be formulated with sufficient precision
to enable individuals to foresee the legal conse-

quences of their actions, a standard that reflects
the Court’s commitment to legal clarity and the
rule of law. In other jurisdictions, "foreseeability"
might focus more narrowly on criminal liability
or contractual obligations, underscoring the impor-
tance of understanding its contextual application
within ECHR. ProMALex demonstrates its abil-
ity to internalize and apply these nuanced princi-
ples effectively. ProMALex accurately captures
the contextual subtleties essential for interpreting
and reasoning within ECHR jurisprudence, under-
scoring its robust understanding of jurisdictional
specifity without conflating with other jurisdictions
in a multi-jurisdictional legal language modeling,
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(a) DES (b) VOR (c) MPS

Figure 2: Dendrograms produced using different methods (DES, VOR, MPS) applied to the five jurisdictions in the
English Setup. The vertical axis represents the scaled similarity scores, with respect to the number of layers in the
base model, highlighting the transition points of progressive adapters. Parameter allocation after the split is also
indicated by specifying the rank of LoRA modules in each corresponding layer at transition points.

(a) DES (b) VOR (c) MPS

Figure 3: Dendrograms produced using different methods (DES, VOR, MPS) applied to the four jurisdictions in the
Multilingual Setup. The vertical axis represents the scaled similarity scores, with respect to the number of layers in
the base model, highlighting the transition points of progressive adapters. Parameter allocation after the split is also
indicated by specifying the rank of LoRA modules in each corresponding layer at transition points.

where precise interpretation is critical.

Excerpt B . . . . . . It follows that the applicants’
initial arrest and detention were compatible with
Article 5 § 1 (c) of the Convention, that this part
of the application is manifestly ill-founded within
the meaning of Article 35 § 3 of the Convention,
and that it must be rejected within the meaning of
Article 35 § 4. 112. An approach entailing the
sort of global examination under the two limbs of
Article 5 § 1 (c) which had been carried out in line
with Steel and Others (cited above) was also fol-
lowed the same year in McBride v. the United King-
dom ((dec.), no. 27786/95, 5 July 2001), ending in
the conclusion that the complaint was manifestly
ill=founded. 113. What transpires from the above
is that the Court’s approach in Steel and Others in
1998 (cited above) and the two follow-up decisions
from 2001 (Nicol and Selvanayagam and McBride,
both cited above) does not seem consistent with

the Ciulla dictum from 1989, later repeated in sev-
eral cases from Jėčius from 2000 to Ostendorf from
2013, to the effect that Article 5 § 1 (c) only covers
deprivation of liberty in connection with criminal
proceedings. Nor does it . . . . . .

Analysis B For this excerpt, ProMALex showed
a marked reduction in perplexity for phrases such
as "manifestly ill-founded," "Ciulla dictum," and
references to landmark cases like Steel and Oth-
ers (1998), McBride (2001), and Ostendorf (2013).
These phrases encapsulate complex procedural and
doctrinal shifts within ECHR jurisprudence, re-
quiring a nuanced understanding of case law and
procedural principles. For example, "manifestly
ill-founded" is a legal term specific to the Con-
vention system, denoting complaints that fail to
meet admissibility standards under Article 35 §
3. Similarly, references to Ciulla (1989) and sub-
sequent rulings like Jėčius (2000) and Ostendorf
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(2013) reflect evolving interpretations of Article 5
§ 1 (c), particularly the tension between preventive
detention and deprivation of liberty within criminal
proceedings. By robustly associating legal termi-
nology with relevant precedents and procedural
principles, ProMALex excels in understanding the
nuanced, jurisdiction-specific contexts of ECHR le-
gal texts. This highlights ProMALex’s potential to
facilitate domain-specific reasoning and effective
legal language modeling.

These case studies underscore the strength of
ProMALex in handling the jurisdiction-specific
nuances required in multi-jurisdictional legal lan-
guage models.
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