LexKeyPlan: Planning with Keyphrases and Retrieval Augmentation for
Legal Text Generation: A Case Study on European Court of Human Rights
Cases

Santosh T.Y.S.S, Elvin Quero Hernandez
School of Computation, Information, and Technology
Technical University of Munich, Germany
{santosh.tokala, elvin.quero}@tum.de

Abstract

Large language models excel at legal text gen-
eration but often produce hallucinations due
to their sole reliance on parametric knowl-
edge. Retrieval-augmented models mitigate
this by providing relevant external documents
to the model but struggle when retrieval is
based only on past context, which may not
align with the model’s intended future content.
We introduce LexKeyPlan, a novel framework
that integrates anticipatory planning into gen-
eration. Instead of relying solely on context
for retrieval, LexKeyPlan generates keyphrases
outlining future content serving as forward-
looking plan, guiding retrieval for more accu-
rate text generation. This work incorporates
planning into legal text generation, demonstrat-
ing how keyphrases—representing legal con-
cepts—enhance factual accuracy. By structur-
ing retrieval around legal concepts, LexKey-
Plan better aligns with legal reasoning, making
it particularly suited for legal applications. Us-
ing the ECHR corpus as case study, we show
that LexKeyPlan improves factual accuracy and
coherence by retrieving information aligned
with the intended content.

1 Introduction

Recent advancements in large language models
(LLMs) have led to their adoption in the legal do-
main for tasks such as sifting through case briefs,
expediting legal research, drafting contracts, and
formulating litigation strategies (Dahl et al., 2024).
Despite their ability to pass bar and law school ex-
ams (Katz et al., 2024; Martinez, 2024), perform
statutory reasoning and interpretation (Blair-Stanek
et al., 2023; Engel and Mcadams, 2024), and ap-
ply legal reasoning frameworks like Issue-Rule-
Application-Conclusion (IRAC) (Kang et al., 2023;
Guha et al., 2024), LLMs still struggle with factual
inaccuracies and hallucinations of legal knowledge.

Traditional LLMs generate responses based on
the input context and their parametric knowledge

(Radford et al., 2019; Zhang et al., 2022; Jiang
et al., 2023; Touvron et al., 2023), but this approach
often fails to ensure factual accuracy. Retrieval-
augmented generation (RAG) addresses this issue
by retrieving external documents based on the con-
text, allowing the model to condition its responses
on more reliable information (Lewis et al., 2020;
Izacard et al., 2023; Borgeaud et al., 2022; Ram
et al., 2023). However, RAG relies entirely on
the retrieval mechanism’s ability to fetch relevant
knowledge, which may not always align with the
content the model intends to generate. This lim-
itation is particularly critical in legal text gener-
ation, where context alone may not provide suffi-
cient signals to retrieve legally relevant information
(Magesh et al., 2024; Santosh et al., 2025).

To overcome this challenge, we propose LexKey-
Plan, a novel framework that introduces an antici-
patory planning stage into the generation process.
Instead of relying solely on context for retrieval,
LexKeyPlan first generates keyphrases that rep-
resent legal concepts outlining the intended con-
tent of the response. These keyphrases serve as a
forward-looking content plan, guiding the retrieval
of relevant documents from external sources. By
shifting the retrieval process from purely reactive to
proactively structured around anticipated content,
LexKeyPlan better aligns retrieval with legal rea-
soning, reduces reliance on misleading contextual
information, and improves coherence in long-form
legal text generation.

This work incorporates content planning
into legal text generation, highlighting how
keyphrases—representing legal concepts—can en-
hance retrieval, factual grounding, and structured
reasoning. Using the European Court of Human
Rights (ECHR) case law corpus, we demonstrate
that LexKeyPlan significantly improves legal text
generation by reducing hallucinations and enhanc-
ing retrieval relevance. Our findings suggest that
anticipatory content planning through legal con-
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cepts or keyphrases is crucial for legal applications,
where precise retrieval and structured reasoning are
essential for generating legally sound text.

2 LexKeyPlan

We propose a three-step framework for legal text
generation, LexKeyPlan. Unlike traditional mod-
els that generate responses directly from context,
LexKeyPlan introduces an intermediate planning
stage using keyphrases. These keyphrases serve
as a forward-looking blueprint, outlining the intent
of the future response. By anticipating the neces-
sary content, they guide the retrieval of relevant
external documents, ensuring that the generated
text is both factually accurate and grounded. This
approach contrasts with existing retrieval augmen-
tation methods, which typically use context alone
to retrieve relevant information, potentially limiting
the relevance of the retrieved content for response
generation, in long form text generation.
Formally, let x be the input context. The model
first generates a content plan c for the response,
which can be represented as p(c | ). This content
plan, consisting of keyphrases, succinctly captures
the essence of the future response. Then the gener-
ated plan c is used as query to retrieve relevant doc-
uments d from external knowledge sources. The
final response y is produced by conditioning the
model on the input context, the content plan and the
retrieved documents, represented as p(y | ¢, p, d).

Training the Content Plan Generation Module:
We train a language model using the input context
followed by the content plan. To obtain the target
content plan for each input, we utilize the target
response text and extract keyphrases from it. We ex-
plore two keyphrase extraction algorithms to create
the supervision dataset for training this content plan
generation module: TextRank (Mihalcea and Tarau,
2004), a graph-based ranking algorithm inspired
by PageRank, and KeyBERT (Grootendorst, 2020),
leveraging embeddings from pre-trained models.

Retriever Module: We investigate two off-the-
shelf retrievers: 1) BM25 (Robertson et al., 2004),
a sparse lexical-based model, and 2) GTR (Ni et al.,
2021), an embedding-based dense retriever model
built on T5-XXL (Raffel et al., 2020). We provide
the concatenated list of keyphrases (content plan)
as query to retrieve the relevant documents from
datastore, built from ECHR judgement documents.

Training the Response Generation Module: The
language model is trained using the input con-

text, content plan, retrieved relevant documents
followed by the target response. Since we do not
have a gold-standard content plan or relevant docu-
ments for training, we extract keyphrases from the
target response to serve as the content plan and use
the target response as a query to retrieve pseudo-
golden relevant documents. During inference, the
model uses the actual generated content plan to
retrieve relevant documents.

This three-step framework offers controllabil-
ity, enabling users to adjust the content plan or
retrieved documents to steer the model’s response.

3 Experiments

3.1 Dataset & Metrics

ECHR CaseLaw consists of case judgments heard
by the European Court of Human Rights. We use
the latest cleaned version of this dataset from San-
tosh et al. (2024a), which contains 15,729 cases in
English from 1960 to July 28, 2022. We partition
the dataset chronologically into training, valida-
tion, and test splits, following the provided tem-
poral boundaries: the training set includes 11,615
documents from 1960 to 2016, the validation set
contains 1,688 documents from 2017-2018, and
the test set comprises 2,426 judgments spanning
2018-2022. Each case is segmented into two main
sections: The Facts, which details the factual back-
ground of each case and The Law, which presents
the legal reasoning justifying the outcome con-
cerning alleged violations of specific ECHR ar-
ticles. Our task involves generating the The Law
(reasoning) section based on the The Facts sec-
tion. While generating an entire section would be
ideal, evaluating such large outputs against refer-
ence texts poses significant challenges. Therefore,
we focus on paragraph-level generation to facili-
tate more accurate evaluations. Specifically, each
paragraph in the The Law section serves as the tar-
get response, while the input context consists of
the The Facts section and all preceding paragraphs
from The Law section up to the target paragraph.
This paragraph-level setup results in 82,597 train-
ing samples, 12,709 validation samples, and 17,470
test samples. During training, each paragraph is ap-
pended with an < |end_of_paragraph| > token,
allowing us to generate the next paragraph up to
this marker during open-ended generation. We use
Mistral-7B-Instruct-ve.1 (Jiang et al., 2023)
as our base LM for both plan and response genera-
tor and follow parameter efficient fine-tuning using
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Plan Generator | Retriever | R-1/R-2/R-L | BERT Score | Align Score | Coh. / Flu.
al- - 0.32/0.13/0.21 0.77 0.52 0.69/0.61
b | TextRank - 0.33/0.13/0.22 0.72 0.54 0.74 / 0.66
¢ | KeyBERT - 0.34/0.14/0.21 0.74 0.58 0.7270.64
d|- BM25 0.37/0.14/0.23 0.78 0.64 0.63/0.61
e |- GTR 0.37/0.15/0.24 0.79 0.66 0.64/0.63
f | TextRank BM25 0.37/0.17/0.26 0.79 0.7 0.72/0.65
g | TextRank GTR 0.39/0.15/0.24 0.78 0.72 0.75/0.65
h | KeyBERT BM25 0.40/0.15/0.23 0.78 0.73 0.74 7 0.66
i | KeyBERT GTR 0.39/0.16/0.24 0.80 0.75 0.76 / 0.65

Table 1: Comparison of LexKeyPlan with Baseline Approaches. The "Plan Generator" column specifies the
keyphrase extraction algorithm used to generate supervision signals for training both the planning and response
generation modules. The "Retriever" column indicates the retrieval method employed during inference and for
obtaining relevant documents during training of the response generator. Note that the keyphrase-based content plan
is automatically generated by the model during inference.

LoRA (Hu et al., 2021). Implementation details are
provided in App. B.

We evaluate the quality of the generated para-
graphs: ROUGE-1,2,L. (Lin, 2004) for lexical
overlap with the reference paragraph, BERTScore
(Zhang et al., 2019) for semantic similarity be-
tween generated and reference paragraph, Align-
Score (Zha et al., 2023) for factual consistency
based on a unified alignment function between the
reference and generated text and UniEval (Zhong
et al., 2022) that evaluates coherence and fluency of
the generated paragraph with respect to the context.

3.2 Results

To demonstrate the effectiveness of LexKeyPlan,
we compare our method with several baselines:
(a) traditional fine-tuning without keyphrase-based
content planning or retrieval augmentation; (b, c)
models with keyphrase-based planning, followed
by response generation using the context and the
generated plan. Two keyphrase extraction algo-
rithms are used as supervision signals for training
the planning and response generators; (d, ) models
without keyphrase planning that directly retrieve
relevant documents based on context and gener-
ate responses using the retrieved documents. The
response generation models are trained with super-
vision from their respective retrievers; (f, g, h, 1)
our three-staged LexKeyPlan method, with differ-
ent combinations of plan generators and retrievers
for training the response generation.

Effect of Keyphrase-based Content Planning:
As seen in Table 1, keyphrase-based content plan-
ning (b, c) outperforms traditional fine-tuning (a)
in terms of coherence, fluency, and faithfulness
(AlignScore), while remaining comparable on lexi-
cal similarity (ROUGE). This keyphrase planning

mechanism allows the model to anticipate and
structure its response around key concepts in the
upcoming text. By separating the planning and
generation stages, the model’s cognitive load is re-
duced, as it no longer needs to generate relevant in-
formation and maintain coherence simultaneously.
Instead, it can focus on each task independently, re-
sulting in more coherent and contextually accurate
outputs. Additionally, this structured planning mit-
igates hallucinations by providing a clear blueprint
for the text, helping the model stay grounded in
the key content and reducing the likelihood of pro-
ducing irrelevant information. Between the two
keyphrase algorithms, KeyBERT outperforms on
content-related metrics, while TextRank excels in
stylistic aspects like coherence and fluency.

Effect of Retrieval Augmentation: Retrieval aug-
mentation (d, e), which utilizes context as the
query, effectively addresses hallucination issues
by grounding the generated text in external knowl-
edge, resulting in improved ROUGE scores and
faithfulness (AlignScore). However, this approach
also leads to a decrease in coherence and fluency,
likely due to the model’s challenge in integrating
necessary information from the text while maintain-
ing coherent output. Among the retrieval methods,
embedding-based GTR consistently outperforms
BM25 across all metrics, revealing the limitations
of lexical-based retrievers in capturing semantic
nuances. Nonetheless, the smaller gap for BM25
highlights the high lexical overlap and repetitive
nature of legal concepts in the documents (San-
tosh et al., 2024a), making BM25 a scalable and
efficient option for legal text retrieval.

LexKeyPlan: Integrating keyphrase-based con-
tent planning with retrieval augmentation signif-
icantly improves both content quality and stylis-
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Plan | Retreiver | R-1/R-2/R-L | BERT Score | Align Score | Coh. / Flu.
a - - 0.23/0.06/0.15 0.72 0.44 0.70/0.64
b| - BM25 | 0.25/0.08/0.15 0.74 0.56 0.60/0.62
c - GTR 0.25/0.08/0.17 0.75 0.58 0.62/0.62
d| v - 0.24/0.08/0.16 0.74 0.50 0.72/0.62
e| Vv BM25 | 0.26/0.10/0.18 0.76 0.59 0.58/0.61
f| v GTR 0.27/0.10/0.16 0.75 0.58 0.59/0.60

Table 2: Effect of Integrating Keyphrase-Based Content Planning and Retrieval Augmentation in Zero-Shot Setting.
The ‘Plan’ column specifies whether the model is prompted to generate keyphrase-based content plan for the next
response. The Retriever column identifies the retrieval method employed.

Similarity | Exact Match
Zeroshot 0.67 0.18
Fine-tuned with TextRank 0.72 0.36
Fine-tuned with KeyBERT 0.78 0.42

0.96 1.0
0.95 1.0

TextRank (Oracle)
KeyBERT (Oracle)

Table 3: Evaluation of Content Plan Quality.

tic metrics (statistically significant improvements
as per Wilcoxon signed-rank test at a 95% confi-
dence interval over the baselines without planning
or retrieval augmentation). By using keyphrases as
queries to anticipate forthcoming text, LexKeyPlan
offers two key advantages. First, it enhances re-
trieval accuracy by focusing on key concepts, lead-
ing to more relevant documents compared to using
context alone, which may miss crucial information
for the anticipated text. Second, separating the
planning and generation tasks allows the model to
produce more coherent text. Rather than perform-
ing retrieval, integration, and generation simultane-
ously, LexKeyPlan enables the model to first plan
around keyphrases, thereby reducing cognitive load
and resulting in more coherent and contextually
accurate outputs. Among the methods evaluated,
KeyBERT provided superior supervision for plan
generation, while GTR outperformed BM25, high-
lighting the benefits of embedding-based models
over traditional lexical approaches.

Zero-shot Experiments: To evaluate whether in-
tegrating content planning and retrieval augmen-
tation into pre-trained models in a zero-shot set-
ting enhances performance, we compare several ap-
proaches in Table 2: (a) prompting the pre-trained
model to generate a response based solely on the
context; (b, ¢) prompting the model to generate a
response based on both the context and relevant
documents retrieved from the context; (d) prompt-
ing the model to first create a content plan in the
form of keyphrases and then generate a response
based on this plan; (e, f) prompting the model to

generate a content plan, use this plan to retrieve
relevant documents, and then generate a response
based on both the plan and documents.

As expected, retrieval augmentation (b, c¢) di-
rectly enhances faithfulness (AlignScore) and con-
tent quality but results in a decrease in coherence.
This drop underscores the difficulty of maintaining
coherence while incorporating relevant information.
Introducing content planning (d) helps the model
manage these tasks by breaking them into sequen-
tial steps, which enhances both faithfulness and
coherence. When combining content planning with
retrieval augmentation (e, f), there is a slight im-
provement in content quality metrics, though stylis-
tic scores decrease. This suggests that zero-shot
models may face challenges with the complexity of
handling multiple instructions—such as following
a content plan and integrating relevant information.
Analysis of Keyphrases in Content Planning:
We evaluate the quality of keyphrases generated
through (a) Zero-shot prompting the pre-trained
model, and (b, c) using a fine-tuned model super-
vised with TextRank and KeyBERT, by comput-
ing the embedding similarity of each keyphrase
to the actual target (i.e., the next paragraph). We
report both average similarity and exact match (if
the keyphrase appears in the target). Additionally,
we present oracle metrics (d, e), where keyphrases
are directly extracted from the target paragraph
using TextRank and KeyBERT. Results show that
fine-tuning with KeyBERT-extracted keyphrases
leads to more relevant keyphrase generation with
respect to future content, providing informed plans
for document retrieval and response generation.

4 Conclusion

We introduce LexKeyPlan, a three-step framework
for legal text generation integrating keyphrase-
based content planning with retrieval augmentation.
Unlike traditional methods that rely solely on con-
text for retrieval and generation, LexKeyPlan first
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generates a content plan outlining the intended fu-
ture content. This plan not only guides to produce
coherent response but also the retrieval of relevant
documents. LexKeyPlan through its anticipatory
planning ensures that the generated text is both
contextually coherent and factually accurate. as
demonstrated with the ECHR case law corpus.

Limitations

LexKeyPlan currently utilizes a relatively simple
content planning approach based on keyphrase ex-
traction using general-purpose algorithms such as
TextRank and KeyBERT. These methods, while
effective in domains like news and scientific lit-
erature, were not specifically developed for legal
language. As a result, they may fail to capture
the nuanced terminologies, hierarchical concepts,
and contextual dependencies intrinsic to legal texts.
Future work could explore legal-domain-specific
keyphrase extraction techniques—such as those
proposed in Mandal et al. (2017)—which better
accommodate the structural and semantic idiosyn-
crasies of legal discourse.

Our use of general extractors and retrievers was
intentional: we aimed to demonstrate LexKey-
Plan’s core contribution—anticipatory retrieval
guided by future intent—without conflating gains
from domain adaptation. Employing legal-specific
strategies such as regular-expression-based legal
phrase extractors or retrievers fine-tuned on legal
corpora may have artificially inflated performance,
obscuring the effectiveness of our planning and
retrieval coordination. Instead, we used BM25
and GTR as retreivers in addition to TextRank and
KeyBERT as keyphrase extractors to validate that
our approach can generalize across jurisdictions
and is not overly reliant on domain-specific tuning.
That said, this choice also introduces limitations.
General retrievers often struggle with legal-specific
vocabulary, temporal relevance, and the authorita-
tiveness of retrieved materials. In legal contexts, it
is not enough to retrieve documents that are merely
topically related—their precedential weight, bind-
ing status, and jurisprudential relevance must also
be considered. For instance, a retrieved case may
be outdated, overruled, or of low precedential value,
which undermines its utility in supporting legal rea-
soning. These subtleties are particularly critical
in legal domains, where the quality and author-
ity of supporting material can significantly affect
argument strength. Future work should explore

authority-aware and time-sensitive retrieval mecha-
nisms, potentially through metadata-aware filtering,
precedent strength modeling, or temporal rerank-
ing that prioritizes current and legally influential
sources. (Santosh et al., 2024c¢,b).

More sophisticated content planning approaches
could significantly enhance the effectiveness of
LexKeyPlan. One promising avenue is the use of
graphical representations derived from legal con-
cept networks. These networks visually map out
legal concepts and their interrelationships, creat-
ing a structured framework that can guide content
generation. Incorporating a specialized legal the-
saurus into the planning process can further refine
content generation. A legal thesaurus provides a
curated vocabulary of legal terms and concepts,
enhancing the precision of keyphrases and improv-
ing the contextual relevance of the generated con-
tent. Improving the integration of content plans
during the text generation phase may also involve
adopting constrained decoding techniques. Con-
strained decoding methods enforce adherence to
predefined content plans, ensuring that the gener-
ated text aligns closely with the planned structure
and content. This approach can help maintain co-
herence and fidelity, reducing deviations from the
intended content and improving output quality.

Currently, LexKeyPlan’s performance is eval-
vated using established metrics like ROUGE,
BERTScore, and AlignScore. While these met-
rics offer quantitative insights, they may not fully
capture the complexities of legal content. Future
research could develop domain-specific evaluation
metrics tailored to the legal field. Another limita-
tion of our study is the absence of direct validation
by legal experts in the assessment of outputs, which
we could not perform due to lack of access to legal
experts. Lastly, we selected the ECHR dataset for
evaluation due to its explicit segmentation between
case facts and legal reasoning. This clean structure
enabled a well-defined simulation of a real-world
task: generating legal reasoning given only the case
facts. Such a setup mirrors copilot-style applica-
tions where LLMs assist lawyers and judges in
drafting legal arguments. Other legal datasets often
lack this granularity, intermixing facts and reason-
ing, which makes it difficult to isolate and measure
the model’s reasoning capabilities. However, this
focus on ECHR also narrows the scope of our evalu-
ation. Future research should assess LexKeyPlan’s
adaptability across multiple legal systems and lan-
guages, including those with different document
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structures and procedural norms.

Ethics Statement

The ECHR dataset used in this study is publicly
available and widely employed in legal NLP re-
search. However, it is important to note that this
dataset is not anonymized and contains real names
and details of the parties involved in the cases. Al-
though we do not foresee direct harm resulting
from our experiments, handling such sensitive data
necessitates careful consideration of privacy and
ethical implications. Researchers must be diligent
in protecting individual privacy and managing sen-
sitive information responsibly, even when using
publicly accessible datasets.

LLMs utilized in legal contexts have significant
implications for both legal professionals and the
public. Despite their advanced capabilities, these
models carry inherent risks. They may reproduce
and amplify biases inherent in their training data,
leading to outputs that reflect historical inequalities
or stereotypes. Additionally, LLMs may produce
incorrect or misleading information, particularly
in complex legal scenarios where precision is es-
sential. Our research focuses on enhancing rather
than replacing human expertise. It is crucial to ap-
ply LLM-generated outputs with careful scrutiny,
ensuring that these tools are complemented by thor-
ough human oversight and critical evaluation. Our
aim is to improve legal text generation while recog-
nizing that Al must be a supportive tool, used with
an awareness of its limitations and potential impact
on legal practice.
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Appendix
A Related Work

Content Planning for Text Generation: Struc-
tured planning is considered a critical link in orga-
nizing content effectively before realization (Reiter
and Dale, 1997), much like humans plan at a higher
level than individual words, as evidenced by psy-
cholinguistic studies (Levelt, 1993; Guhe, 2020).
Earlier approaches incorporated various planning
representations, such as Rhetorical Structure The-
ory (Mann and Thompson, 1988; Hovy, 1993) and
MUC-style representations (McKeown and Radev,
1995), discourse trees (Mellish et al., 1998), entity
transitions (Kibble and Power, 2004; Barzilay and
Lapata, 2008), sequences of propositions (Karama-
nis, 2004), schemas (McKeown, 1985) and lexical
chains (Barzilay and Elhadad, 1997).

Recent works in the data-to-text generation task
divide it into two distinct phases: planning and re-
alization of natural language text (Moryossef et al.,
2019). Puduppully et al. (2019) and Laha et al.
(2020) proposed micro-planning strategies, where
they first establish a content plan based on a se-
quence of records and then generate a summary
conditioned on that plan. Similar planning ap-
proaches have been explored for entity realization
(Puduppully et al., 2019). Additionally, Puduppully
and Lapata (2021) advocated for macro-planning as
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a means of organizing high-level document content,
either in text form or within latent space (Pudup-
pully et al., 2022).

In summarization, various plan representations
have been investigated. Narayan et al. (2020)
treat step-by-step content selection as a plan-
ning component, generating sentence-level plans
through extract-then-abstract methods, and even
sub-sentence-level plans using elementary dis-
course units (Adams et al., 2023). Further re-
search by Narayan et al. (2021); Liu and Chen
(2021) introduced intermediate plans using entity
chains—ordered sequences of entities mentioned in
the summary. More recently, Narayan et al. (2023);
Huot et al. (2023) conceptualized text plans as a
sequence of question-answer pairs, which serve as
blueprints for content selection (i.e., what to say)
and planning (i.e., in what order) in summarization
tasks.

Recently, Godbole et al. (2024); Shao et al.
(2024) have explored planning-based approaches
for text generation in tasks such as expository writ-
ing and biographical summaries. However, legal
text generation presents unique challenges that re-
main unexplored in this context. Unlike traditional
QA tasks, which involve focused information-
seeking queries, legal text generation requires rea-
soning over long, complex case facts to construct
well-grounded arguments to derive conclusions.
This makes planning particularly valuable, as it can
help structure retrieval and generation to ensure
coherence, factual consistency, and legal validity.
To the best of our knowledge, no prior work has
investigated planning-based approaches for legal
text generation.

B Implementation Details

We implemented KeyBERT ! with n-gram range
of (1, 3). We enable Maximal Marginal Relevance
(MMR) with a diversity value 0.7 to balance rele-
vance and diversity. For TextRank (Mihalcea and
Tarau, 2004), we utilize the implementation pro-
vided in the GitHub repository.

We perform LoRA fine-tuning with Mistral
model for both our plan and response generator
with an alpha and rank configuration in {8,16}
and dropout of 0.1. We sweep over learning rates
{le—5,3e—5,5e—5,1e —4,3e —4} and evaluat-
ing its performance on the validation set using 10K
validation steps. We train the model end-to-end for

"https://github.com/MaartenGr/KeyBERT

one epoch using Adam Optimizer (Kingma and Ba,
2014). We perform inference over models with a
temperature of 0.7 and nucleus sampling of 0.95.

For retrieval, we dynamically populate the candi-
date datastore by excluding documents dated after
the query case and including only those available
up to the query date, thereby simulating a real-
istic setting. We segment these documents into
paragraph chunks, to index them for retrieval. For
retrieval, we use the top-3 retrieved paragraphs for
both methods. Prompt 1 and 2 detail the prompts
used for content plan generation and response gen-
erations modules respectively.

C Case Study

We present three case studies that demonstrate how
LexKeyPlan performs in complex legal scenarios.
These examples show how keyphrase planning en-
ables doctrinally grounded retrieval and control-
lable generation, while also revealing important
limitation of its inability to account for temporal
relevance.

Case Study A: Enhancing Doctrinal Accuracy
Through Keyphrase-Guided Retrieval We ex-
amine a scenario where an individual is convicted
for inflammatory statements made on social me-
dia and brings a claim under Article 10 (freedom
of expression). The government argues that the
speech in question incited hatred and thus falls out-
side the protection of the Convention. This case
hinges on the distinction between political criti-
cism and hate speech—a critical threshold question
that determines whether the speech is covered by
Article 10 or excluded under Article 17, which
bars the abuse of rights. When the model operates
with context-only retrieval, it relies solely on the
case facts—namely, that the applicant was prose-
cuted for a speech act and invokes Article 10. This
prompts the retriever to surface general freedom
of expression jurisprudence such as Handyside v.
UK (1976), Sunday Times v. UK (1979), and Ober-
schlick v. Austria (1997), all of which affirm the
importance of free expression but apply a propor-
tionality framework under Article 10(2). As a re-
sult, the generated response reasons as follows:
"The Court applies the proportionality test under
Atrticle 10(2) to determine whether the restriction
was necessary in a democratic society. Given the
precedent set in Handyside v. UK, the speech must
be examined in light of public morals and state
discretion. Therefore, the speech in this case may
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be protected under Article 10." This response is
legally incorrect: it prematurely applies a balancing
test without addressing the more fundamental ques-
tion of admissibility under Article 10. Specifically,
if the speech constitutes hate speech or denial of
historical atrocities, it may be excluded altogether
under Article 17, rendering Article 10 inapplica-
ble. The model’s failure to retrieve the right prece-
dents results in doctrinal error. In contrast, with
keyphrase-guided planning, the model is given key
concepts such as “legitimate aim (public safety vs
political criticism),” “ECHR Article 17,” “abuse
of rights doctrine,” and “margin of appreciation.”
These guide retrieval toward cases that directly ad-
dress the legal test relevant to hate speech and the
abuse of rights. The retrieved case set now includes
Garaudy v. France (2003), Perincek v. Switzer-
land (2015), and Leroy v. France (2008)—cases
that explicitly delineate when speech is excluded
under Article 17 or subjected to Article 10 balanc-
ing. With this doctrinally appropriate retrieval, the
model produces the following improved response:
"The Court first determines whether the applicant’s
speech falls within the scope of Article 10 or is
excluded under Article 17, which bars the abuse of
Convention rights. In Garaudy v. France, the Court
held that speech denying historical atrocities such
as the Holocaust is incompatible with the values of
the Convention and is not protected under Article
10. If the applicant’s statements incite hatred or
deny established facts, they may fall under Article
17 and be excluded from protection. However, if
the speech qualifies as political criticism—even if
provocative—it may still enjoy Article 10 protec-
tion, subject to a proportionality assessment under
Article 10(2), as seen in Leroy v. France." This
output demonstrates significantly improved legal
reasoning: it reflects the correct structure of anal-
ysis (i.e., first evaluating exclusion under Article
17 before engaging in Article 10 balancing), ref-
erences the right cases, and avoids premature or
inappropriate application of proportionality. It also
recognizes the margin of appreciation doctrine and
the need to distinguish incitement from legitimate
political critique. This case study underscores a
core strength of LexKeyPlan: by prompting re-
trieval based on key doctrinal concepts rather than
surface-level case similarity, the model can reason
more accurately and in line with legal standards.

Case Study B: Controlling Legal Reasoning via
Structured Planning In a case where a political
figure challenged the deplatforming of their ac-

count by a private social media company, alleging
a violation of Article 10. The case raised ambigu-
ity about whether private actors performing public
functions are subject to free speech obligations.
LexKeyPlan was able to demonstrate controllable
reasoning by varying the content plan. When the
keyphrases included “de facto public forum,” “chill-
ing effect,” and “corporate control over speech,” the
model retrieved cases such as Appleby and Others
v. UK (2003), which address the public forum doc-
trine in private spaces. The generated response
argued that: “Social media platforms serve as a
de facto public forum, where political discourse
primarily unfolds. As established in Appleby v.
UK, while private entities are not always bound
by public free speech obligations, their restrictions
may be scrutinized if they effectively eliminate a
person’s ability to communicate elsewhere. Given
the dominance of social platforms in modern public
debate, banning a political figure from these spaces
constitutes an undue restriction, creating a chilling
effect that stifles democratic discourse.” When the
content plan was changed to include keyphrases
such as “platform autonomy,” “harm prevention,”
“corporate free expression,” “content moderation
policies,” and “disinformation regulation,” the re-
triever instead surfaced Delfi AS v. Estonia (2015),
which upholds the rights of private platforms to
moderate harmful content. The corresponding gen-
erated response shifted the framing: “Social media
platforms, as private entities, have the right to mod-
erate content under their terms of service. Prior
rulings, including Delfi AS v. Estonia, affirm that
private actors are not bound by the same restrictions
as state actors. Given the risks of disinformation
and harm to democratic integrity, content modera-
tion is a necessary safeguard. The platform’s deci-
sion aligns with legitimate policy goals and does
not constitute a violation of Article 10.” This il-
lustrates LexKeyPlan’s strength in enabling users
to explore competing legal framings by adjusting
the planning stage, allowing the system to retrieve
and ground responses in support of different legal
arguments, rather than being constrained by the
framing present in the input context alone.

Case Study C: Limitations in Capturing Tem-
poral Relevance Despite these benefits, LexKey-
Plan remains limited in its ability to account for
temporal and relevance. In a case involving the
extradition of an individual to a country with a
poor human rights record, the applicant claimed
that the transfer would violate Article 3, citing the
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risk of inhuman or degrading treatment. While
the keyphrases “inhuman treatment,” “extradition
risk,” and “diplomatic assurances” did help retrieve
landmark cases like Soering v. UK (1989), they
failed to surface more recent jurisprudence such as
Othman (Abu Qatada) v. UK (2012) or Paposhvili
v. Belgium (2016), which significantly recalibrated
the legal standards for assessing risk and evaluat-
ing the sufficiency of diplomatic assurances. The
limitation here arises from LexKeyPlan’s reliance
on topical keyphrase matching without accounting
for the temporal dimension of legal knowledge. As
legal doctrines evolve, retrieval systems must prior-
itize not only relevance but recency, particularly in
areas where the law is in flux.
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You are a judge at the European Court of Human Rights (ECHR), drafting a judicial judgment. The
paragraphs below reflect your reasoning thus far. Your task is to outline the next topics you intend
to address in the next paragraph of the judgment.

Instructions:

- Generate a maximum of 5 topics. Place higher-priority topics at the beginning of the list.

- Ensure the list is formatted as a comma-separated string.

- Ensure the topics align closely with the content of the previous paragraphs and the overall context
of the judgment.

Input:
{{PREVIOUS PARAGRAPHS}?}

Response:

Prompt 1: Prompt for Keyphrase based content plan generation

You are a judge at the European Court of Human Rights (ECHR), drafting a judicial judgment. Below are
paragraphs you have already written as part of your reasoning. Your task is to write the next
paragraph to continue developing the judgment.

To assist you, content plan for the next pargraph in the form of keyphrases and excerpts from
relevant external cases have been provided. These cases may offer supporting arguments or precedents
to strengthen your reasoning, but their use is optional. Your primary focus should be on ensuring the
logical flow and coherence of the judgment.

Instructions:

- Refer to external cases only if they add value to your reasoning or support the legal principles
being applied. When citing an external case, include a proper citation at the end. For example: (Case
of X v. Y). If referencing a specific section or paragraph from an external case, denote it clearly

using the section symbol and the paragraph number.

- Ensure that the new paragraph is directly related to the content of the previous paragraphs and the
broader context of the ECHR judgment.

- Use formal, precise, and structured language typical of ECHR judgments.

Input:
External Cases:
{EXTERNAL CASES}

Previous Paragraphs:
{PREVIOUS PARAGRAPHS}

Response:

Prompt 2: Prompt for Response Generation Module
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