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Abstract

Despite significant advances in large lan-
guage models, personalizing them for individ-
ual decision-makers remains an open problem.
Here, we introduce a synthetic-organic super-
vision pipeline that transforms raw judicial de-
cisions into instruction-tuning data, enabling
parameter-efficient fine-tuning of personalized
models for individual judges in low-resource
settings. We compare our approach to state-of-
the-art personalization techniques across three
different tasks and settings. The results show
that Causal Language Modeling followed by
synthetically generated instruction-tuning sig-
nificantly outperforms all other baselines, pro-
viding significant improvements across lexical,
stylistic, and semantic similarity. Notably, our
model-generated outputs are indistinguishable
from the reasoning of human judges, highlight-
ing the viability of efficient personalization,
even in low-resource settings.

1 Introduction

Human writing is characterized by stable individ-
ual style and reasoning, which shape the way ar-
guments are framed and supported (Koppel et al.,
2009). In the legal domain, this is particularly
acute: judicial decisions are not merely a me-
chanical application of the law to a case, they re-
flect judge-specific patterns in reasoning, empha-
sis, and rhetorical structure (Ash et al., 2024; Sun-
stein et al., 2006). Nevertheless, most Legal NLP
work, from outcome prediction to summarization,
treats judges as interchangeable decision-makers.
This approach reduces profound interpretive dif-
ferences to mere noise and effectively misses the
opportunity to build a deeper understanding of the
variation in judicial reasoning and style.

Despite significant advances in reasoning mod-
els (e.g., Guo et al.,, 2025a), research on per-
sonalizing for individual decision-makers remains
nascent. Recent surveys highlight growing interest
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Figure 1: [Illustrative example: Two personalized
LLMs trained (top) to emulate two human judges, and
then queried (bottom) with a question inspired by Mus-
carello v. United States. The query prompts different
philosophies for interpreting the law: a textualist ap-
proach, which focuses on the literal meaning, and a pur-
posivist approach, which focuses on legislative intent.

in personalization for content generation (Zhang
et al., 2024; Xu et al., 2025), yet existing efforts
focus on user preferences (e.g., style, product rec-
ommendations) rather than reasoning. A major
barrier is the need for objective verification sig-
nals (e.g., code or math proofs) to reward correct
reasoning steps (Lightman et al., 2024). While
traces of individual human reasoning are generally
sparse, the legal domain provides an abundance of
such data, making it an ideal testbed for person-
alizing large language models that enable reason-
ing. Judges tackle tough decisions on a regular ba-
sis (Posner, 2008; Epstein et al., 2013), and write
long and detailed texts justifying them. By decom-
posing verdicts into their constituent parts, rather
than focusing only on the final ruling, one can
extract many reasoning decisions and thousands
of these recorded decisions throughout a judge’s
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tenure on the bench. Furthermore, tackling person-
alization in a low-resource language provides a rig-
orous stress test for transferability beyond standard
English benchmarks (Guha et al., 2023).

Bridging these gaps is critical for addressing
the open challenge of “deliberative reasoning” in
personalization, where current methods struggle
to model complex, slow-thinking cognitive pro-
cesses (Xu et al., 2025). Personalization offers
a path to combat linguistic homogenization and
“mode collapse” of standard pretraining (Guo et al.,
2025b). In the legal domain, this is not merely
a stylistic preference but a functional necessity.
Judicial decision-making is inherently interpre-
tive, requiring judges to balance competing values
(e.g., deterrence vs. rehabilitation) and philoso-
phies (Posner, 2008; Sunstein et al., 2006, see
example in Figure 1). Treating judges as inter-
changeable ignores the primary driver of legal out-
comes. Therefore, personalization is crucial for
high-fidelity counterfactual analysis and trust by
legal scholars seeking to examine a fuller range of
possible interpretations (Zhang et al., 2024).

However, several challenges make it particu-
larly hard to train high-fidelity LLMs for indi-
vidual judges. First, the raw data is not struc-
tured for reasoning supervision. Verdicts are
lengthy, unstructured documents where reasoning
is often inextricably woven with procedural boil-
erplate, recitation of the facts, and personal cir-
cumstances (Savelka and Ashley, 2018). Second,
even when identified, judges’ decisions often ap-
pear “unprompted” in the text, without the implicit
internal question that triggered them. Third, it is
unclear whether the reasoning traces from a sin-
gle judge will be strong and consistent enough to
move the priors of the base model, while keeping
model training computationally efficient enough to
enable scaling up to hundreds or even thousands of
individuals.

In this study, we introduce a scalable framework
for personalizing LLMs for judicial reasoning and
style without manual annotation (see Figure 1 for
an illustrative example). To overcome the scarcity
of supervision, we propose a synthetic-organic
alignment pipeline that transforms raw judicial de-
cisions into instruction-tuning data. Using an agen-
tic workflow, which we manually validated, our
approach identifies reasoning statements in ver-
dicts and generates synthetic questions that plau-
sibly prompted them. This allowed us to train per-
sonalized models through parameter-efficient fine-

tuning (PEFT) on a reasoning-focused instruction
set and compare against other personalization tech-
niques, namely standard Causal Language Model-
ing (CLM) and Retrieval-Augmented Generation
(RAG), across configurations and model combina-
tions. We test our models on three different tasks —
next token prediction, question-answering, and au-
thor discernment — and evaluate the lexical, stylis-
tic, and semantic fidelity of leading LLM person-
alization techniques.

Therefore, our contributions are the following:

* A benchmark for evaluating personalized mod-
els in text generation and reasoning tasks in the
morphologically rich, low-resource language of
Hebrew.

* A synthetic-organic alignment pipeline that gen-
erates reasoning-focused instruction pairs.

* A parameter-efficient methodology for training
personalized LLMs to emulate the reasoning and
style of individual judges.

* A systematic evaluation of LLM personalization
techniques across multiple tasks, including an
ablation study of the dominant factors for im-
provement.

2 Related Work

The current study builds on three lines of work:
personalizing large language models, reasoning
models in various tasks, and synthetic question-
generation for enhanced model supervision.

2.1 Personalization of LLMs

Parameter-Efficient Fine-Tuning (PEFT) is a
central approach to personalization that adapts an
LLM by training only a small subset of parame-
ters or by inserting lightweight trainable modules
(Houlsby et al., 2019; Hu et al., 2022). OnePeFT-
PerUser combines PEFT with retrieval capabili-
ties to enable generation based on user-specific ev-
idence, resulting in gains on labeled personaliza-
tion tasks such as tagging and classification (Tan
et al., 2025). Liu et al. (2024) fine-tune LLaMA-
2 to improve lexical and syntactic alignment with
the specific authors. Comparative studies across
domains further report that LoORA and QLoRA of-
ten offer a strong tradeoff between parameter effi-
ciency and adaptation quality, while prompt tuning
is typically lighter but weaker on more complex
tasks (Gajulamandyam et al., 2025). However, ap-
plying PEFT to long, unstructured legal texts un-
der limited supervision, and evaluating whether it
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captures judge-specific reasoning (not only style),
remains underexplored (Zhang et al., 2024).
Retrieval-Augmented Generation (RAG) sup-
ports personalization by retrieving user- or domain-
specific material at inference time. Style-aware
variants aim to capture recurring authorial patterns
beyond lexical overlap (Neelakanteswara et al.,
2024), and in law, CBR-RAG combines case-
based reasoning with retrieval to improve factual
grounding in legal question answering (Wiratunga
et al., 2024). However, these approaches focus on
accurate answers rather than the recurring reason-
ing of a specific judge.

Prompt-based personalization. Prompting can
encode user or domain cues directly in the in-
put and improve alignment with preferences (Oba
et al., 2023), but profile-based prompts are of-
ten noisy, and prompting alone may not yield sta-
ble user-specific outputs. Wang et al. (2025) and
Gajulamandyam et al. (2025) show that LLMs
still struggle to imitate implicit writing styles, and
prompt tuning often underperforms stronger adap-
tation methods in complex domain-specific set-
tings. Overall, personalization to a specific indi-
vidual, such as a particular judge, remains under-
explored, especially under limited supervision.
LLM Simulation. A growing body of research
leverages LLM personalization methods to emu-
late the language, preference, and behavior of indi-
viduals or personas across different contexts (Shao
etal., 2023; Li et al., 2023; Park et al., 2025; Dinu
et al., 2025; Park et al., 2024). Our work comple-
ments this line of work by focusing on reasoning
as a process, extracting and modeling granular de-
cisions throughout a case, and not the final ruling.

2.2 Reasoning Models in Verifiable Domains

Reasoning-oriented post-training has recently im-
proved LLMs on multi-step problems, particu-
larly when solutions are externally checkable (e.g.,
math, code, and scientific reasoning) (Guo et al.,
2025a). Prior work distinguishes several reason-
ing modes, including deductive, inductive, and ab-
ductive reasoning, as well as analogical and causal
reasoning (Huang and Chang, 2023). When the
correctness of steps is well-defined, process super-
vision can further reduce logical errors by super-
vising intermediate steps (Lightman et al., 2023).
Judicial reasoning does not offer the same objec-
tive supervision. In this work, we evaluate LLM
emulation of judges’ rationale, rather than step cor-
rectness, and use this signal as evidence that judge-

specific reasoning patterns are learnable.

2.3 Synthetic Question-Generation

To enable personalization of reasoning models,
one needs supervision signals. Synthetic super-
vision is a common strategy for expanding train-
ing signals when manual annotations are not fea-
sible. In this work, we generate question-answer
pairs to emulate reasoning activities. Prior work on
question-answer generation shows that generated
QA pairs can support adaptation and provide struc-
tured evaluation material by encouraging close
reading and explicit answers (Ushio et al., 2023;
Chen et al., 2024; Nayak et al., 2024). GPT-based
methods were shown to be effective in annotating
and classifying legal texts with little or no task-
specific training. For example, Savelka (2023);
Savelka et al. (2023) demonstrates that GPT-4 and
GPT-3.5 can match trained human annotators on a
sentence-level legal analysis task when guided by
detailed annotation instructions.

Nevertheless, there remains a gap in extract-
ing judicial justifications and turning them into
clear question—answer pairs tailored to a specific
decision-maker. Our work moves toward filling
this gap by extracting judge-specific reasoning
and generating synthetic questions for it, enabling
judge-level modeling even when data are limited.

3 Methodology

In this section, we describe how the data were cu-
rated and generated, the personalization methods
we experimented with, and the evaluation metrics
used to assess their success.

3.1 Data Curation and Generation

Judicial Decisions. We collected from the Nevo
Legal Database' public domain verdicts by the
magistrate and district courts in Israel. We filtered
for single-judge rulings to ensure unambiguous au-
thorship, and used only verdicts where we could re-
liably identify the judge’s summary judgment sec-
tion and exclude other sections (recitation of facts,
external circumstances, etc.). To ensure models
have sufficient training data, we focused on judges
with at least 100 such summary judgments. The
final dataset comprises summary judgments of 29
judges, including their written opinions spanning
multiple years.

'https://www.nevo.co.il
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Question Generation. To create high-quality
synthetic-organic reasoning pairs, we construct an
agentic workflow using multiple LLM agents for
extraction and validation, applied over several it-
erations. In particular, we use GPT-4.1-mini for
reasoning extraction (temperature 0.3) and GPT-
4o0-mini for validation (temperature 0.1), which
we empirically found to perform best. Custom
prompts were engineered to extract reasoning state-
ments, validate the quality of this extraction, gen-
erate questions, and validate their fidelity. The en-
tire pipeline, including all prompts, is described in
Section A.5. The overall process resulted in a set
of 62,051 reasoning sentences and synthetic ques-
tions generated for them.

We validated the quality of output generated by
the aforementioned agentic workflow by having
two annotators manually label a random sample
of 175 instruction pairs. They independently as-
sessed whether the organic reasoning statement ex-
tracted contained explicit judicial reasoning and
whether the generated question was sufficiently
related and could plausibly induce the reasoning
statement. Inter-coder reliability was relatively
high, with Gwet’s AC1 of 0.75 for the statement
extraction and 0.90 for question generation. In the
randomly-sampled sample, 83% of answers con-
tained explicit reasoning, and 91% of questions
were semantically aligned with them. Both the raw
verdicts and the reasoning instruction sets are pub-
licly available?.

3.2 Personalization Methods

Next, we evaluate leading approaches for LLM
personalization, as well as, chaining of different
models, as detailed below. All of our experiments
are using open-source foundation models and pub-
licly available code’.

CausalLM Fine-Tuning with QLoRA: We fine-
tuned multilingual Gemma 3 models (Team
et al., 2025), both 1B and 4B variants, using
QLoRA (Dettmers et al., 2023). We choose
Gemma 3 because it is open, multilingual, and
efficient for training on a per-judge basis in con-
strained computing resources environments. See
Appendix A.4 for precise information about the
computing resources used and training hyperpa-
rameters. Causal language modeling (CLM) was
applied to all raw, unlabeled summary judgment

’https://doi.org/10.7910/DVN/8CYHIC

3https://github.com/
Socially-Embedded-Lab/JudgeMeNot

text from a single judge, separately training a
LoRA adapter for each judge in the dataset while
keeping the base Gemma weights frozen. This
training procedure encouraged the model to learn
judge-specific writing patterns without any manual
labeling.

Instruction Fine-Tuning with QLoRA: We per-
form a per-judge instruction fine-tuning with
QLoRA using the synthetic-organic reasoning
pairs described in the previous section. This train-
ing aims to focus model weights on reasoning state-
ments. Again, only the adapters were kept for each
judge.

Chain-of-LoRA (CLM — Instruction Tuning):
Following the ideas of Xia et al. (2024), we trained
a Chain of LoRA (CoLA) model, where adapter
weights are merged back into the model, updat-
ing the “starting point” before training each new
adapter layer. Specifically, we trained the CLM
adapter, merged this into the Gemma base weights,
then run a second QLoRA fine-tuning on the in-
struction set. The goal of this procedure is to first
adapt the model to the judge’s general writing style,
then specialize it with supervised reasoning exam-
ples. We provide the full training configurations in
Appendix A.4.

Retrieval-Based Personalization: Finally, we
evaluated retrieval-based personalization that in-
volves no training. For each judge, we in-
dex the judge-specific instruction pairs, retrieve
at inference time the top-k most similar pairs
for an input question, and include them in the
prompt as in-context examples for generation.
We experimented with generation using Gemma-
3 and Gemini-3-Pro, which currently is one of
the strongest reasoning models across leader-
boards (Google DeepMind, 2025).

3.3 Evaluation Metrics

We wused common metrics across two of
our main tasks: next-token prediction and
question-answering. Specifically, we used

BLEU and ROUGE-1/2/L for lexical similarity,
BERTScore (Zhang et al., 2019) for semantic
similarity, and Jensen—Shannon divergence over
Part-of-Speech (POS) tags for stylistic similarity.
Following common practice in author discern-
ment (Casal and Kessler, 2023; Moro et al., 2026;
Zhang et al., 2024), we use classifier accuracy
on held-out set, as detailed in subsection 4.2).
We use the latest Hebrew encoder architecture
of DictaBERT (Shmidman et al., 2023) as the
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underlying model for indexing documents for
retrieval, computing BERTScore, performing
Part-of-Speech (POS) tagging, and training our
authorship classifier.

4 Experimental Design

We evaluate our personalized models on three
tasks: (i) next-token prediction, (ii) question-
answering, and (iii) author discernment. For next-
token prediction, we used the first 15% of a sum-
mary judgment as a seed for generating the next
tokens. For question-answering, we used the
synthetic-organic instruction pairs. For author dis-
cernment, we trained a dedicated classifier per
judge, as detailed below.

4.1 Next-token Prediction and Question
Answering

For both tasks, we follow the same procedure. For
each judge j € {(1,...,J}, we construct a held-out
test set J ;. We evaluate non-personalized base-
line models on J; and compare them to the per-
sonalized model M;, trained only on judge j. All
models were evaluated with the same prompts and
decoding settings. This provides a within-judge
comparison that tests whether personalization im-
proves generation quality on the judge’s own data.

Models: We compare the Chain-of-LoRA
model against several non-personalized baselines
evaluated on every judge test set. We include the
base Gemma model (the foundation used in our
personalization pipeline) as a direct reference point
without judge-specific adaptation. We also eval-
uate DictaLM3 as a strong open Hebrew LLM
baseline (Shmidman et al., 2025). In addition, we
report two multi-judge training baselines: Joint-
Gemma, trained once on the union of all judges’
training data, and Mixed-Gemma, trained on a
size-matched mixture across judges where the to-
tal training budget is comparable to the average
single-judge dataset. We also compared the CoLA
model with respect to other personalization models
we trained (CLM and Instruction-tuning).

To further check whether personalization is
judge-specific rather than a generic improvement,
we evaluate every personalized model on every
judge’s held-out test set. For each judge j, we com-
pare the performance of the model trained on judge
J (denoted M;) on judge j’s test set I ; against the
performance of models trained on other judges on
the same test set.

Model BLEU?T BS-Ft R-Lt POS\
Non-personalized baselines
Vanilla-DictaLM3  11.845  0.089 0.188 -0.005
Vanilla-Gemma 11.997 0.113 0.192 -0.017
Mixed-Gemma 9.205  0.043 0.083 -0.012
Joint-Gemma 8912  0.037 0.078 -0.009
Retrieval-augmented baselines
Gemini-3-Pro 8773  0.021 0.077 -0.001*
Gemma-3 10421  0.023 0.148 +0.011
Alternative personalization models
Pers-CLM 11.748  0.079 0.181 -0.001*
Pers-IT 4973  0.020 0.043 -0.001*

Table 1: The differences among the CoL A and the com-
petitors (mean across judges) in the question-answer
completion task. The CoLA outperforms the baseline,
and the differences were statistically significant (p <
0.05) except for the entries marked with an (*).

Formally, for each metric we compute the test-
set centered gap A; = r;; — 1%1 Dk Thi-

where ry; is the score of model M, evaluated on
test set 7 ;. For metrics (such as ) higher scores of
the judge’s model is considered better, A; > 0 indi-
cates that the judge-specific model performs better
on the judge j’s own test set than models personal-
ized to other judges, consistent with judge-specific
adaptation. We report the distribution of A; across
judges.

4.2 Authorship Discernment

We assess judge-specific stylistic fidelity with a
judge-specific binary classifier. For each judge j,
positive examples are real judge-authored reason-
ing sentences, and negative examples are either
other-judge sentences (real-vs-real) or generated
sentences from the judge’s trained models. We
keep the classifier fixed across settings and report
accuracy, with the random guessing and real-vs-
real setting serving as reference points.

5 Results

In this section, we present the question-answering
results, whereas the analysis of the next-token pre-
diction task is presented in Tables 3 and 5. The re-
sults reported here refer to the 4B models, as they
consistently outperform their 1B counterparts, as
appear in Table 4.

5.1 Question Answering

Table 1 summarizes the results of evaluating the
improvements of personalization when referring to
question generation. The Chain-of-LoRA model
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Figure 2: Each point shows the performance gap be-
tween the matched CoLA-4B model for a judge and
CoLA-4B models trained on other judges, evaluated on
that judge’s test set. Points to the right of zero indicate
better performance for the matched model (for POS-
JSD, where lower is better, the direction is reversed).
Green circles indicate significant gaps (p < 0.05); grey
triangles are non-significant. BLEU is scaled (/100)
for visualization.

yields consistent and statistically significant gains
over all non-personalized baselines on overlap-
and semantic-oriented metrics (BLEU, ROUGE-
L, and BERTScore-F). The improvements are es-
pecially pronounced relative to the vanilla base-
lines, indicating that judge-level adaptation pro-
vides benefits beyond generic legal generation.
Across alternative personalization paradigms, the
model attains the strongest overall performance,
with clear gains over CLM-only and RAG-only
personalization and a smaller but consistent advan-
tage over instruction-tuning-only personalization.
For JSD-POS (lower is better), the Chain-of-LoRA
model reduces divergence relative to most base-
lines, but not relative to the RAG personalization
variant, where JSD-POS increases. This suggests
that improvements in semantic and lexical fidelity
do not always translate to closer part-of-speech dis-
tributions, and that retrieval-based personalization
can affect syntactic regularities differently than pa-
rameter adaptation.

On the Next Token Prediction evaluation, the
CLM-based personalization variant performs best
overall, outperforming the other training strategies
on most metrics. We report the full CLM compar-
ison in Table 3 in the Appendix.

Figure 2 summarizes cross-judge specificity of
Chain-of-LoRA (4B) model using the test-set cen-
tered gaps A;. For lexical and semantic metrics

Setting / Method Acc. (%)
Random classifier 50.0
Ground truth (real vs other judges) 84.3*
Non-personalized baselines
Vanilla-Gemma-3 70.3*
Vanilla-DictalL M-3 71.9*
Mixed-Gemma-3 76.2*
Joint-Gemma-3 77.0*
Retrieval-augmented baselines
Gemma-3 70.4*
Gemini-3-Pro 73.8*
Personalized models
CLM 56.2*
1T 49.6
CoLA 49.8

Table 2: Authorship discernibility task: Classifier accu-
racy. across judge-specific classifiers. An (*) marks
significant differences from chance (50%, p < 0.05,
paired Wilcoxon test across judges).

(BLEU, BERTScore-F, and ROUGE), A; is pre-
dominantly positive, indicating that the model per-
sonalized to judge j tends to outperform models
trained on other judges when evaluated on 7 ;.
This pattern suggests that the gains observed in
the baseline comparison are not merely generic im-
provements: they are strongest when the model
and test set correspond to the same judge.

For the structural metric JSD-POS, the differ-
ences are closer to zero and more variable across
judges. This indicates that personalization more
consistently improves content fidelity and lexical
similarity than it matches part-of-speech distribu-
tions, which may be shaped by shared institutional
phrasing and boilerplate. Full cross-judge results
for all methods appear in Table 5 in the Appendix.

5.2 Authorship Discernment

To assess judge-specific fidelity, we train a binary
authorship classifier for each judge, distinguish-
ing that judge’s real reasoning sentences from a
negative set. We keep the positive class fixed
(real sentences by judge j) and vary the negative
class across settings. Table 2 reports mean accu-
racy across 29 judges and compares each setting
to a random classifier. In the ground-truth setting,
where negatives are real sentences written by other
judges, the classifiers achieve high average accu-
racy (0.843). This confirms that judges are sepa-
rable in authentic text. When generating answers
using the non-personalized or retrieval-augmented
baselines, the classifier was able to detect differ-
ences between the sentences originating from the
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Figure 3: Ablation study on three judges. Top row:
performance as a function of training set size (x-axis:
25, 50, 75, 100% of the judge’s training data). Bottom
row: performance as a function of LoRA rank (x-axis:
re{2,4,8,16,32}).

judges to their generated content (accuracy ranges
between 70% and 76.2%). This implies that the
baseline approaches failed to mimic the judges’ fi-
delity.

When generating answers using the personal-
ized methods, results differ sharply by method.
CLM-only generations remain detectable: accu-
racy rises to 56.2%, significantly above random, in-
dicating that the classifier can still distinguish gen-
erated text from the judge’s authentic writing. In
contrast, both instruction-tuning-only and Chain-
of-LoRA reduce accuracy to random level (0.496
and 0.498, respectively; p>0.8), suggesting that
these generations are difficult to distinguish from
real judge sentences under this authorship test.
Taken together, these findings complement the se-
mantic and cross-judge results by showing that the
strongest personalization methods also suppress
detectable authorship cues.

We observe a similar pattern when running the
same task under the next-token prediction (CLM)
training setting: model accuracies deviate from the
random baseline, yet remain far from the ground-
truth separability achieved with real other-judge
negatives. Full results are reported in Table 7 in
the Appendix.

5.3 Ablation Study

We conduct an ablation study to isolate how data
scale and model size affect performance. We vary
each factor independently while keeping the model
architecture and training protocol fixed.

5.3.1 Effect of Training Data Size

Setup. To evaluate how the data scale affects our
method, we fine-tuned judge-specific models on
subsets of their available training data (25%, 50%,
75%, and 100%), while fixing the LoRA rank at 8.
The 0% point represents a non-personalized base
model. The full dataset ranges from 2,500 to 3,100
examples per judge, which corresponds to ~ 310k—
375k tokens.

Findings. We observe a two-regime learning
curve as the amount of training data increases.
With <25% of the data (~650 examples), the per-
sonalized model remains close to the base model,
showing limited improvements over the baseline.
Between 25% and 50% (~650—1,500 examples),
both semantic fidelity (BERTScore) and stylis-
tic alignment (JSD) improve sharply, after which
gains largely plateau.

5.3.2 Effect of LORA Rank

Setup. To determine the minimal parameter trade-
offs for effective adaptation, we varied the LoRA
rank r € {2,4,8, 16,32} on the full dataset, which
is proportional to model size.

Findings. LoRA rank exhibits diminishing re-
turns. The largest improvement occurs at r = 2:
for Judge A, BLEU increases from 0.9 (Vanilla)
to 14.9, reaching ~75% of the best observed
performance. Across judges, semantic fidelity
(BERTScore) and stylistic alignment (JSD) im-
prove mainly at low ranks and largely plateau by
r = 4. BLEU continues to vary more strongly
across judges and tends to benefit from larger r,
but the average gains beyond r = 8 are small.

5.3.3 Data Size vs. Model Size

To disentangle the effect of training volume from
model size, we compare (i) doubling the amount of
judge-specific training data (e.g., 50% — 100%)
to (ii) doubling the LoRA rank (» — 2r), holding
the remaining setup fixed. Doubling the data pro-
duces substantially larger gains: on average, +2.68
BLEU, along with consistent improvements in se-
mantic fidelity (BERTScore increases of ~0.02)
and in our style metrics. In contrast, doubling
the rank yields only a modest +0.77 BLEU in-
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crease and negligible changes in semantic and style
scores.

These results indicate diminishing returns from
increasing adapter rank, while additional training
examples continue to improve both content preser-
vation and stylistic alignment. In particular, our
style divergence measure (JSD) plateaus early in
the rank sweep (around r=4), but continues to im-
prove as more judge text is added, suggesting that
personalization quality is more constrained by data
coverage than by adapter capacity.

5.4 Qualitative Evaluation

To complement the automatic metrics, we con-
ducted a blind human evaluation of 100 question-
answer instances. A human annotator with ba-
sic legal training, blinded to answer origin, evalu-
ated each answer for responsiveness, logical coher-
ence and legal plausibility, and resemblance to au-
thentic judicial writing. All ground-truth answers
(40/40) were labelled as addressing the question,
logically coherent, and resembling judicial writ-
ings. Model-generated answers were rated posi-
tively in 71.2% of cases for answering the ques-
tion, 82.7% for coherence and legal plausibility,
and 80.8% for judicial authenticity. These results
suggest that, despite some failure cases, most gen-
erated answers are sound and stylistically judge-
like.

In addition, we qualitatively examined the an-
swers of the base model, CLM, and CoLA on aran-
dom sample of identical questions. We observed a
consistent pattern: the base model often produced
long, generic responses resembling encyclopedic
explanations. CLM reduced this behavior, but re-
mained verbose and occasionally unfocused. In
contrast, CoLA generated more concise outputs
with a more authentic judicial tone.

However, CoLA also exhibits several failure
modes, including overly short and uninformative
answers, occasional drift into irrelevant legal text,
and, in some cases, repetition. We also observe in-
stances where CoLA maintains stylistic fidelity but
misses key legal reasoning present in the ground
truth. Representative examples are provided in Ap-
pendix A.6.

5.5 Robustness to Catastrophic Forgetting

To assess potential catastrophic forgetting, we eval-
uated the personalized models on three out-of-
domain settings: (i) general Hebrew text from
Wikipedia, (ii) Hebrew legal text from the Is-

raeli Supreme Court written by judges excluded
from training, using the Israeli Supreme Court
Dataset (Muchnik et al., 2023), and (iii) English
commonsense reasoning using HellaSwag (Zellers
et al., 2019). We report perplexity for the Hebrew
evaluations and multiple-choice accuracy for Hel-
laSwag.

Relative to the base model, CLM signifi-
cantly improves perplexity in both Hebrew set-
tings across all 29 judges. CoLA shows no signif-
icant difference on Hebrew Wikipedia, but signif-
icantly improves perplexity on the out-of-domain
Supreme Court text. On HellaSwag, CLM slightly
improves over the base model, while CoLA shows
a small decrease (66.4% for the base model, 67.3%
for CLM, and 64.9% for CoLA; all p < 0.05).
Overall, these findings suggest no catastrophic for-
getting, but at most a modest tradeoff in English
general knowledge.

5.6 Next-Step Reasoning Prediction

As an additional probe, we evaluated the models on
a multiple-choice next-step reasoning task. Given
one to three reasoning sentences from a judicial
decision, each model was asked to identify the
correct subsequent reasoning sentence from a set
of candidate continuations drawn from the same
case. Candidate answers were scored by their con-
ditional likelihood under the model given the pre-
ceding context, and the highest-scoring continua-
tion was selected. We found that none of the eval-
uated models, including the base model and CoLA,
achieved strong performance on this task. This
suggests that predicting the next reasoning step re-
mains a difficult task, even for personalized mod-
els, that requires further supervision.

6 Discussion

Our findings show that reasoning signatures can
be effectively captured even in low-resource, mor-
phologically rich settings. This result challenges
the prevailing perception that training reasoning
capabilities requires massive computing resources
and web-scale datasets. By successfully model-
ing distinct judicial decisions with limited compute
(a 4B parameter model with LoRa) and a limited
amount of data, we show that the “cognitive finger-
print” of a decision-maker is compressible. Criti-
cally, this efficiency is achieved by our synthetic-
organic alignment pipeline. Exposure to the raw
corpora (via CLM) was found to be less efficient,
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most likely due to the dilution of reasoning signals
among other types of information. However, when
the same data was structured into synthetic instruc-
tion pairs, the model was able to learn judges’ rea-
soning patterns with far fewer tokens. This sug-
gests that the primary bottleneck in personalization
is not the quantity of user data, but rather the struc-
ture of supervision signal, making personalization
potentially viable in other domains where there are
similar amounts of reasoning traces exist.

Beyond these efficiency gains, the study also
sheds light on the theoretical dichotomy between
surface-level style and deep reasoning, a criti-
cal tension in current alignment research (Krishna
et al., 2020; Neelakanteswara et al., 2024; Xu
et al., 2025). The contrast between our RAG
and parameter-adapted (CoLA) models is illustra-
tive: While RAG effectively mimicked the syn-
tactic style of the domain (improving JSD-POS
scores), it failed to capture the semantic reason-
ing needed to address substantive questions. Con-
versely, parameter-tuning excelled at emulating
judges’ reasoning but showed slightly less adher-
ence to surface-level part-of-speech distributions.
This suggests that a “persona” may be decom-
posed more effectively into two layers: surface-
level stylistic patterns, which retrieval can capture,
and deeper reasoning priors, which require para-
metric adaptation. Future research may explore
techniques for optimizing both layers simultane-
ously.

7 Conclusion

In this work, we presented a framework for per-
sonalizing LLMs to the reasoning styles of indi-
vidual judges. By converting unstructured judi-
cial reasoning into synthetic-organic instruction-
tuning data, we introduced supervision signals that
enabled efficient training. Our results show that
CLM followed by instruction-tuning significantly
outperforms all other baselines, including a state-
of-the-art reasoning model with RAG and mod-
els trained on considerably more data, all while
remaining computationally feasible and effective
in a low-resource, morphologically rich language
like Hebrew. We also demonstrated consistent im-
provements across lexical, stylistic, and semantic
dimensions, ultimately making LLM’s simulated
output indistinguishable from the reasoning of the
real judge. These results highlight the potential to
efficiently train personalized reasoning models in

low-resource settings, which future work could ex-
plore in other expert domains (e.g., medicine) and
more complex reasoning tasks (e.g., tasks that re-
quire planning).

8 Limitations

The current study has several important limitations.
First, our framework focuses on the reasoning and
style of granular decisions dispersed throughout a
verdict. While these decisions surely affect the fi-
nal ruling, our approach does not model case-level
reasoning, which is inherently sparse, or account
for shifts in reasoning over time. Moreover, future
work could also examine ways to integrate existing
knowledge (e.g., the fact of a case) in reasoning su-
pervision signals.

Second, our personalization objective priori-
tizes emulating the voice and reasoning signature
of a judge rather than ensuring strict legal correct-
ness, which we considered outside the scope of
the current work. However, factuality of person-
alization models, especially in the legal domain, is
a worthy avenue of future research, which should
probably focus on high-resource languages with a
robust knowledge base. Finally, the current study
focused on a single low-resource language and just
one legal system. It is important to examine how
these findings generalize to other settings.

9 Ethical considerations

As this research relies exclusively on the analysis
of existing, publicly available court records gen-
erated by public officials in their official capac-
ity and intended for public scrutiny, involving no
interaction or intervention, it does not constitute
human subjects research requiring institutional re-
view. Nevertheless, we recognize that the sensitiv-
ity of the domain and the focus on personalization
require further considerations beyond standard reg-
ulatory compliance. Here, we discuss these addi-
tional considerations, namely the potential for mis-
use, risks of bias and amplification, privacy, and
our mitigation strategies.

Potential for misuse: The development of mod-
els capable of emulating specific judges raises po-
tential concerns regarding the integrity of the ju-
dicial process. Chiefly, there is a risk that such
tools could be used by litigants to “game the sys-
tem”, tailoring arguments to exploit a judge’s pre-
dicted linguistic or philosophical preferences. We
note, however, that adapting arguments to the per-
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ceived judicial philosophy of a judge is already a
common, albeit manual, practice in litigation strat-
egy (Posner, 2008). Critically, one must distin-
guish between the emulation of reasoning patterns
and the exercise of judicial discretion. While our
models can capture some persistent patterns of rea-
soning of specific judges, they inherently lack the
moral agency and accountability that characterize
human decision. Using these tools to predict fu-
ture outcomes is fundamentally flawed: they may
replicate previous pattern, but are far from able to
weigh the merits of future cases.

Bias amplification and fairness: Judicial de-
cisions inherently reflect historical, systemic, and
individual biases present in the legal system. By
optimizing for high-fidelity emulation, personal-
ized models risk not only reproducing but also
perpetuating and potentially amplifying biases, un-
der the pretense of mathematical neutrality. More-
over, similar to general-purpose LLMs, users may
conflate linguistic fluency with correctness or ob-
jectivity. We therefore explicitly state that these
models are designed to capture the idiosyncrasies
of specific reasoning signatures, including their
flaws and biases, and should be thoroughly au-
dited for fairness before any potential deployment
in decision-support contexts.

Data privacy and mitigation: To address these
risks and minimize potential harm, we have im-
plemented strict protocols regarding data handling
and model distribution. Although our training data
consists entirely of public domain verdicts, we
recognize that generative models can hallucinate
plausible but false information, potentially placing
individuals in unanticipated circumstances. This
applies both to the individuals mentioned in the
corpus and to the judges themselves. Therefore,
in compliance with principles of responsible Al
data minimization, we remove identifying informa-
tion about judges and avoid analyzing or report-
ing findings associated with specific identities of
the judges analyzed. Furthermore, we refrain from
releasing the trained judge-specific model check-
points, which serve as a safeguard against potential
misuse, production of hallucinated content, and the
malicious deployment of these personas in real-
world settings.
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A Appendix

A.1 Next Token Prediction - CLM Baseline
Comparison Table

Table 3 reports the full CLM improvement (abso-
lute difference) of the best-performing model rela-
tive to the other methods.

A.2 Impact of Model Size

Table 4 compares the performance of 1B and 4B
model variants. We find that increasing model size
consistently improves performance. The 4B mod-
els achieve higher mean scores across nearly all
metrics in both instruction and raw-text settings.

A.3 Cross-Judge Specificity: Full Results

Table 5 reports the cross-judge specificity sum-
mary for all methods. Each entry shows the mean
test-set centered gap across judges, followed by
the percentage of judges for which the paired gap
is statistically significant. Consistent with Fig-
ure 2, gaps are predominantly positive for lexi-
cal and semantic metrics (BLEU, ROUGE, and
BERTScore), indicating that judge-matched mod-
els tend to score higher than models trained on
other judges. By contrast, the structural JSD-POS
gaps are smaller and less consistently significant
across judges, suggesting weaker judge-specific
separation under POS-distribution similarity.

26746


https://arxiv.org/abs/2306.13906
https://arxiv.org/abs/2306.13906
https://arxiv.org/abs/2306.13906
https://aclanthology.org/2023.emnlp-main.814/
https://aclanthology.org/2023.emnlp-main.814/
https://www.dicta.org.il/publications/DictaLM_3_0___Techincal_Report.pdf
https://www.dicta.org.il/publications/DictaLM_3_0___Techincal_Report.pdf
https://arxiv.org/abs/2308.16687
https://arxiv.org/abs/2308.16687
https://arxiv.org/abs/2402.04401
https://arxiv.org/abs/2402.04401
https://arxiv.org/abs/2402.04401
https://doi.org/10.18653/v1/2023.findings-acl.899
https://doi.org/10.18653/v1/2023.findings-acl.899
https://doi.org/10.18653/v1/2023.findings-acl.899
https://doi.org/10.18653/v1/2025.findings-emnlp.532
https://doi.org/10.18653/v1/2025.findings-emnlp.532
https://doi.org/10.18653/v1/2025.findings-emnlp.532
https://arxiv.org/abs/2401.04151
https://arxiv.org/abs/2401.04151
https://doi.org/10.18653/v1/2025.acl-long.1201
https://doi.org/10.18653/v1/2025.acl-long.1201
https://arxiv.org/abs/2411.00027
https://arxiv.org/abs/2411.00027

Model BLEU 1 BERTScore-F1 1 ROUGE-1 1 ROUGE-2 1t ROUGE-L 1 POS-ISD |

Non-personalized baselines

Vanilla-DictaLM3 5.533 0.076 0.073 0.021 0.063 -0.042
Vanilla-Gemma (1B)  6.010 0.124 0.101 0.025 0.087 -0.040
Vanilla-Gemma (4B)  5.597 0.079 0.081 0.023 0.071 -0.013
Mixed-Gemma (1B)  4.662 0.065 0.067 0.021 0.057 -0.042
Mixed-Gemma (4B)  4.383 0.042 0.050 0.019 0.042 -0.019
Joint-Gemma (1B) 2.127 0.016 0.013 0.006* 0.013 -0.005*
Joint-Gemma (4B) 2.349 0.016 0.017 0.008 0.015 -0.010
Alternative personalization paradigms

Pers-CLM (1B) 0.643 -0.062 0.006* 0.002* 0.006* -0.002*
Pers-IT (1B) 6.529 0.142 0.106 0.026 0.092 -0.100
Pers-IT (4B) 5.542 0.066 0.084 0.022 0.072 -0.033
Chain-of-LoRA (4B) 5.101 0.062 0.074 0.018 0.063 -0.038

Table 3: Comparison to Pers-CLM (4B) using per-judge paired deltas (method — Pers-CLM 4B), averaged over
judges. We report two-sided Wilcoxon signed-rank tests over judges for each metric; all entries are significant at
p < 0.05 unless marked (*).

Method BLEU 1 BS-F 1 POS | R-11 R-2 1 R-L 1

Next Token Prediction (CLM) setting

CLM 6.690/6.047  0.606/0.667 0.059*/0.061* 0.123*/0.117* 0.027*/0.025* 0.108* / 0.102*
IT 1.148/0.161  0.540/0.463  0.092/0.159 0.040/0.017  0.005/0.001 0.036/0.015

Joint 4.341* / 4.563* 0.589* /0.589* 0.069/0.064 0.107*/0.110* 0.019*/0.022* 0.092* / 0.094*
Mixed  2.308/2.028  0.563/0.541 0.078/0.101  0.073/0.056  0.008/0.006 0.066/0.051

Vanilla  1.093/0.680  0.527/0.482  0.072/0.100  0.042/0.023  0.004/0.002  0.037/0.020

Instruction setting

CLM 1.565/1.040  0.561/0.534 0.073/0.077 0.201/0.183  0.060/0.044  0.136/0.122

CoLA  13.313/9.948 0.639/0.597 0.073/0.079 0.385/0.332  0.200/0.147  0.317/0.268

IT 8.339*/10.032* 0.619/0.604 0.074/0.077 0.349* /0.345* 0.151*/0.155* 0.274* / 0.276*
Joint 4.401/3.278  0.602/0.570  0.082/0.086 0.318/0.286 0.111/0.083  0.239/0.211

Mixed  4.108/3.302  0.596/0.568  0.085/0.088 0.316/0.289  0.107/0.084 0.234/0.214

Vanilla 1.316*/1.309* 0.526/0.505 0.090/0.099 0.181/0.178  0.050/0.049 0.124/0.124

Table 4: Model size comparison (mean across judges). Each cell reports 4B / IB. Asterisks (*) mark entries where
the 4B and 1B means are not significantly different under a paired Wilcoxon signed-rank test (p > 0.05). Results
are shown separately for the instruction setting and the Next Token Prediction (CLM) setting.

Method BLEU 1 BS-F 1 POS | R-11 R-2 17 R-L 7

Next Token Prediction (CLM) Setting

CLM-1B  4.523(0.93) 0.031(0.76) 0.012(0.59) 0.039 (0.66) 0.018 (0.59) 0.036 (0.69)
CLM-4B  4.925 (0.86) 0.046 (0.83) 0.011 (0.72) 0.037 (0.59) 0.020 (0.52) 0.035 (0.62)
CoLA-4B 0.810(0.55) 0.025(0.52) 0.007 (0.28) 0.014 (0.34) 0.006 (0.21) 0.013 (0.34)
IT-1B 0.026 (0.28) 0.008 (0.28) 0.003 (0.28) 0.002 (0.14) 0.000 (0.41) 0.002 (0.10)
IT-4B 0.364 (0.66) 0.012 (0.52) 0.002 (0.45) 0.004 (0.03) 0.002 (0.14) 0.004 (0.03)

Instruction Setting

CLM-1B  0.226 (0.79) 0.008 (0.76) 0.001 (0.41) 0.007 (0.34) 0.008 (0.79) 0.004 (0.48)
CLM-4B  0.424 (0.79) 0.012 (0.69) 0.003 (0.59) 0.010(0.52) 0.011 (0.86) 0.008 (0.59)
CoLA-1B  7.600 (0.83) 0.051 (0.83) 0.012 (0.69) 0.079 (0.83) 0.090 (0.83) 0.081 (0.86)
CoLA-4B 10.062 (0.93) 0.061 (0.93) 0.013 (0.66) 0.099 (0.97) 0.117 (0.97) 0.105 (0.93)
IT-1B 7.285 (0.83) 0.050 (0.83) 0.010(0.59) 0.075 (0.86) 0.086 (0.86) 0.078 (0.86)
IT-4B 5.098 (0.79) 0.040 (0.86) 0.009 (0.62) 0.060 (0.83) 0.067 (0.83) 0.062 (0.86)
RAG-3k  1.125(0.90) 0.023 (0.90) 0.003 (0.21) 0.024 (0.90) 0.025 (0.90) 0.022 (0.90)
RAG-5k  1.286 (0.93) 0.025(0.93) 0.003 (0.34) 0.026 (0.90) 0.028 (0.93) 0.023 (0.90)

Table 5: Cross-judge specificity across methods. For each judge j, we evaluate the matched model M; on 7, and
compare it to models trained on other judges, evaluated on the same 7. Each cell reports the mean centered gap
A; (averaged over judges); the value in parentheses is the fraction of judges where the gap is significant under
bootstrap. Positive gaps are better.
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A.4 Training Setup

All experiments were run on a single NVIDIA
RTX 4090 GPU. To handle memory constraints,
we used a dynamic gradient accumulation strategy
that adjusted the number of accumulation steps as
needed to maintain training stability. All other hy-
perparameters are listed in Table 6.
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Method Acc. (%)

Random Baseline 50.0

Hyperparameter Value

LoRA Configuration

Non-personalized

Vanilla-1B 80.6*
Rank (r) 16 Vanilla-4B 80.6*
Alpha (a) 32 . .
Dicta-3 81.7
Dropout 0.05 . .
Target Modules All linear layers* Mixed-1B 84.0
Mixed-4B 84.0*
Training Dynamics Joint-1B 84.1*
Learning Rate 2.0x 107 Joint-4B 82.5*
Optimizer Paged AdamW .8—b1t Alternative methods
Scheduler Linear .
IT-4B 63.4
Warmup Steps 5 .
IT-1B 68.1
Max Steps 2,500 N
CoLA-4B 61.8
Max Sequence Length 512 N
. CLM-4B 56.0
Weight Decay 0.01 CLM-1B 565+
Seed 3407 '
Reference
Ground Truth 94.9*

Table 6: Hyperparameters used for fine-tuning. * Tar-

get modules include ¢, k, v, o projections, gates, and the

LM head.

Table 7: Authorship accuracy relative to ground truth.
x denotes p < 0.05.

A.5 Question-Answer Generation

For that task, we used an agentic workflow implemented entirely with OpenAl’s GPT 4.1-mini and

GPT 40-mini, applying the steps:

1. Reasoning Sentence Extraction We process each verdict with a chain-of-thought prompt to identify
sentences that express the judge’s legal reasoning.

2. Judicial Reasoning Validation We pass the extracted flagged sentences to a separate validator prompt
that confirms they indeed contain judicial reasoning; sentences that fail validation are removed.

3. Question Generation Based on the extracted reasoning sentences, we generate questions whose an-
swers refer to the reasoning sentences.

4. Validation We then verify that the questions match the answers; if validation fails twice, the pair is

discarded.

The exact prompts used in each stage of the workflow are provided in Section A.7.

A.6 Qualitative Error Analysis

Below we present representative question—answer pairs comparing the outputs of the Base model, CLM,
and CoLA on identical inputs.

Model

Output

Question

277°2Y7 $I¥° M2°032 YR ORI WIS onnn 1

Ground
Truth

Base

CLM

TWRAW °92 ,7292 ORIN KV 0RA SV Al A¥p D2 W Onng 03 77120 1R L2007 19T [oN
71772 SRIN-5¥ 0RM P2 VI 77°2VA VIR M0 29I WAWT R 0D °IMA0T ,31pY andwRnn
MW MTIAYR IR 2100 ,99192 0K W YA 121 ,N°O00 nw1y

DM VD RIT 77727 X032 M2°012 ¥ap1w Options) Sentencing of (Range 02177 wiwi annny
VOWNT M2 NR 211 R? KT L7792V YWNAW QWK1 O¥ M7 791 A1Taw 2wy YW 2meopnm
Q2177 WMWY OnNA NITAT NPIWER N0 17 PO0R ROR ,IN12 71237 IR N1 TINIT WIYE DR 0D
D IWORIT DOWNVT PN0 NR TAA WAXY PITT 7Y 20 L1 o ,0ona 190nn YWY N23n
[...] 132) TN NN MY L3137 0 KT 77°2va 2w mIn Ay o 2. [

71302 FINAIW FP°0D) QWRIT YXOAW 772V NN MOMNIT 3T IR 72°pnT 727097 Y 1R
QPR 071,12 MONPAT MIPAYT IR Y02 8D DWRITIWEINW 20pR w2 ,NRT Oy 710 (YO 2192 R
[...] QUNBIT DRI AW MW 3007 WA 1N 7IPR 937 ORI IR 09T IWRIY annmn By 0vInon

Continued on next page
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Model Output

CoLA YIXO2 MI2°032 O WA QNN 0D YRR VIR L,OVH 10MDW M0 N9pwa ,a%ayn YIXa 1120013
JJoRn w1In 30-5 14 1°2 V1 a7°2avn
The Base model provides a generic, encyclopedic definition of sentencing ranges with num-
bered bullet points. CLM produces legal-sounding but unfocused text. CoLA generates a
concise, first-person judicial ruling that mirrors the ground truth’s structure.

Question  70WRIT HY WY NPT VOWAT NP2 DR I 2POWI 12 PR I

Ground .ONNAT 1A PPN W WRIT DY MY W 00 217120 , 271w 2PPWE P IPRA

Truth

Base QWRIT DR WOV X7 QNTUAY , 200 DW 200 1A 192 JIRD IR UOWAT N2 ,aWR1 DY Wy nma
QNI INITW DRV QIPOWT DW LI 337 .01 7050 D10 2RI DR WY ,NnDIT 77182
[...] w1y npy [L..] 7ava m2o01 [L..] N2 °0°027 PP wn T 170aya noan oty L1

CLM INAT T2 AYADT N7 DRI LTV YIX0A 2pY 1WA WK 001207 223795 DR NnaY WO AT 1Uwa
PIX°22 MMWP JPRW N12°012 2WnNAR W1 ,09310 WY Onnn 732 ,aWRI7 DRI wnva N [
[...] ¥ QWRIAW 2% NYTA DR DN 2RI ) 1T N7A0N2 L770avn

CoLA WV 2 227120 WK QWRIT DW 11771V 1100 MW DXYRT DR 7239 WO L,000W0 20w 12 PRA
ORN WY 921 1T 00 HW Ip0AN DRYR Omaw 2pna MY mmay b wnvd 2mam i
2 ¥3D AROD02
The Base model produces a textbook-style explanation. CLM gives a verbose legal discus-
sion. CoL A opens with the same phrasing as the ground truth and produces a case-specific
judicial statement, though some phrasing is imprecise.

Question  ?2°01DW; YT DY AYOOWN DIWORT AN NITIWA QWRIT NRTIT 78D

Ground SY 1781 DPINR 0701 DRV ,QIWORT 2N MTAIWI QWRIT PW INRTIT IR 920377 W Y5 1mR1 937

Truth P VIR TATa TI20°R 197217 WRY PwYn

Base nRdWwa % WA 0w PO DY MYawn 1IN IYOwn OWORT 2N MITWA awRI? MTAINT
QWRIT MTAINT DWAT OO0 NNN L1 iRLANN AT AW 19IRT W 11D 73T .M2dTm NPuewn
[...] T3N3 npn 73 v avpn 2. [L..] DTN weaa 91

CLM NI2°037 IR MPAY TNRT NYOIA2 VOWNAT N2 YW 1T°P0N Y I9p7 ,0IWORT 20D NTAIVA aWRIT IRTIT
[...]17° 29 72w At DYTI 2PW 1At DR N0 7021, 00K 20D RIw1 MPayaw

CoLA Rabienthi7zinislainisitrmahisRapaienh sl ShnkirhRighath
CoLA produces an extremely short, uninformative sentence that is meaningless in this legal
context. Both the Base model and CLM, despite their verbosity, at least convey relevant
legal content. This illustrates the failure mode of overly terse output.

Question 7077137 N2 YW ANET M2AVA GWRIYA 1991 NPPTAN N

Ground LTI PW A7 ,20 N2 YW AN MN°AvA NI WY nYTa

Truth

Base MAN? DO DA WOIYA D99 DPTAM L, TIRD AT WY RIT 222 N2 HW 08T M°ava v
A0 .1 :PHH0 F79P0 17 99600 7IPR 2w DOIDRAY NVARNIAT LTIV NN DWW 3770 2O
[...] 7avn

CLM RITW 925 — 0TI WYN NOMIN DR XN T°OX JNYT MNPV IR WA 20w PN ]1’5577( ojaligahi
X177 717077 DNRTA ARYIND DMWY PIIT W N1 AT DAY 822X AWRIE O3 ,I0 D173 Priv oo
[...] "wnm nn

CoLA 7172°177 NPPARI DR MIWA727 MMINNT 1287 72900277 7197, WRA 01°2 Waws °10 IR 7I1wnt wa 029

VN5 PTI DWIITR DWW NTnrna anbya DR

Continued on next page
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Model

Output

CoLA drifts into poetic, irrelevant language that bears no resemblance to legal reasoning.
While the Base and CLM answers are verbose, they at least address sentencing policy for
arson. This exemplifies the failure mode of drifting into incoherent text.

Question  ?2°1R2 VN0 NPV WP TAYHT T 10

Ground .0°°99%9 PWYNA TN 22370 MY 2vA L TAPA MY VIR 2RI VN0 YW A7y

Truth

Base LNV DMAIPRW) 2937 DPRY T2 ,D1RT DRI RIT DONPRA AVI0T NI NPT TAPRT I
nvay Awno [L..] N nng wnvh 09027 DR MR RN L0007 NPAY YW DTN 7150 R
[...] @nPR R M2 Pvon IR IWRD DWRINA 00

CLM N7 719077 NYANT NPAND1°097 VOWA KRYaNA ,QA1R FYI0T NPV MR INPNRI YT
[...] D199 M2°012 W37 MPaYL F1IWRE A N Myawa XY 72102 DI

CoLA PORYP MW V9V 210020 2°0WIRY YA, TP YD 722 NIAW 2RI T0N0 YW A7°2avn
CoLA closely echoes the ground truth’s phrasing and judicial tone.

Question 201V M2V P RDY 129X 9903 P13 NITAYD 0 NIV NI WO 1T

Ground DWYRT IMYAYA 19T XT3 DPNMDYIAT MY 0WR 01 NMT7AVA NIRT? X 0D TWOATAY NN P00

Truth MR 900 DA R

Base TORW X7 ,N1T0IAT MDAV P RDY,II2°XT 2902 D13 NP2V 0 NPV MIRAY IR 1T TR
TR0 Y0 .17 AWRAA 099N 2PYPY 901 I .0°°79931 OYNR ,0MVOWA 2P0 Y NN
[...] 70an Pawn 5y AR [..] 7200 YIRR K17 017 17307077 0012

CLM ’) 92 NP MW A2WN 7092 DAY ORTNA — DWW VOWAN N2 L,NINRW D .NINXN TIRY
NWAT1 0m MY Phava — (2021) 1212 20M9] YRS T 1 AR a7 7009/20 97y Swn
[...] 213 2w % N ,nomian woa

CoLA IMIRT? AWOR R ,72713 M7 7720 MTI0Y NP3 YW N17°2y20 ,0n M7°ava °3 1PU%5 NnD uynd

RT3 NP0 My own

The Base model provides a lengthy essay, while CLM fabricates a case citation. CoLA is
closest in style but misses the substantive argument.

A.7 Question—-Answer Generation Prompts

Below we provide the exact prompts used in each step of the question—answer generation pipeline.

Step 1: Reasoning Sentence Extraction
Model: GPT-4.1-mini

noaYRT TopEn #

IR PRI, PIPW DR 7207 VW DAY DOWOWA , M0 — DO1NI20T DOVIWA P IR PTA POD TIND MHW OUOWH LOOIR NN
MM n2wA 5w JSON 712712 v9577 DR W .NER IR 707 MW KDY ,20RDA7 220ownn 23 IR AT .JAN0T 2maw maapy

PP WA AT — 0°N02077 YWOWA PR OX LMK AIOKRN P71 ,0°00WHT DR 377N R AN0N PR L D0own‘ aws nnn
neYy v #

(L) MTp wIHw IR Mo 1w ,019°0 , 0P K9 — 17 P0D2 272N OAW 79I P17 DPwOWwHA IR a1
12 PPY IR 72°0 ,p0°1 2°2°0nw 2Puewn P N L7292 02995 X 27NIvD o°uown 217N HR 2.
P2IPW DR 7207 LOWW D1NN207T QLVOWA P ,AWKRIT D72 IR ARWRAT 272 07V 1IRIW 2°0swn PPN R .3
OWRIT DY LD VY WY DR DIRNAW D°0dwn NN OR .4
OONR 2°P°N7 DOUIYX 0O9°0n WK 20swn 7PN R .5
Reasoning Steps p1x°25 avabw #
.XOn7 PTA Pos PR XP L1
0D YV MARIW MWD CWOWA NIPY IR PVIDW PIAI IR D207 IND WO AR (OXW ,0own 93 May .2
0% YR AR LOWNRT IR AN0 — 1D OR .3
ONOAR 207 IR P11 299900 ROW DYbown v A7 4
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RaRuiohabivleh laXlohali7zaty Brlolal dnt s BN
:29DPN DIORW 2OVDWRD NIRAMT #

2171 RDY P NIVY 0OWR 1T — "INAM IR TR

.20 12 PR — "WV DR PRnTe v

.72071 R9? 772w 719 W0 — 9% S99 PO, myaws 9PN Twna ,ANNWE WRIT 127 MY OREN D Y
W MTava [ Ryn w0 10 121 00,000 Awihw 12 0RDT WY IR MET? awWRI? 00 CIR

5192 087 WM 48 1727 Y3192 087 W 20 1°2 ¥ 2T W annmn 93 yap Tpand

:(v192 V992 aMIX IR TR) 25PN ANBRWRY MRRNT #

7910 DR YTV AR PRI NN DR AOR YTPW ,MNYAW MNANT T 1297 0Xa N1y
799013 12 FINPW NPMYAYR PAR N9 TN 777280 DR VX0 OWRIT”
" AWV M2 NNY W1 391 ,NOWANMY TAA 7773V YADI Y0

TIONT PRI TAW KT 123D 12 OPAY 71212 12170 19w ,KIPD 12 AWNNAY W WK 72°01 137 NN 0P 0130 v
LN PRN I9N 799771 NIDN DITWW DI 297V NYND F1R 1IPR2 NTAY 0 NYD M2 ,729001 07N 771
" PIp DINIT 91 NIPON NREPA

7 NNOWN °122 N 12 03 YION PRV MWy MWy nhui 03 ,Po0 PR

QPAWRNAY 93 12 AWnNTY TR IR 9090 vown 917N DRy DY DWRI WAIYA? PR QAR 1WOWA DI NR? YW OWRIT”
7 PWYR DY 115 70N YO2M WOWH NNoA ATIAw OTRA

Step 2: Judicial Reasoning Validation
Model: GPT-40-mini
N2°01 ,M2°01 79PW ,0dWwn PIPYY MDA Hwnb) NUIDW AuDnn PUTNRY P11 IR 207 K910 P00 W Lownd DX 32 2wn
.1207 X929 NPNRYIN 77787 W DUV VWY, YT ,MTW MR P RN LOWHT OX RY 2w (AW non ,3mine/Rp
MIRANT
RS — .5pwn 92 0°anon onIRD 101 XY ,0°7277 yaun
19 — .MIPWIA IR TR YD XD APTANW 77pna 03 ,PT8 VLR NRM 070 WA Onnnn A7 7397 1151 AT 7702 nvn?
R? — W92 N2 D202 D°PYON 201220 17 5 QWK R
19 — PN APTAn 1259 ,N°0IPD NWAT MPAR Y 770w W 001N 02373 W01 P 1270 Myl
R? — .70 18 T3 WA 8 M AV AN AYIXAW annn? N 21 72V P2 0910 WhW annmaw 1120 MR
XD 2w 99122 LOWNT AR .KY IN 19 27 21D ;2791 A0 R

Step 3: Question Generation
Model: GPT-4.1-mini

### Role and Objective

You are a seasoned Israeli jurist who writes precise, exam-style questions intended to surface the legal rationale
found in short “Answer” sentences extracted from court verdicts.

### Instructions

For every item you receive, generate one question in modern Hebrew that a law student could answer exactly with
the given “Answer.” Keep each question:

* Focused on the key legal principle or factual nuance in the Answer.
» Neutral in tone, neither accusatory nor apologetic.
¢ One sentence, max 25 words.

Sub-categories:

1. Language — Output questions in Hebrew.

2. Style — Prefer "v17a” ,min" ,"7%°3" to open questions; avoid rhetoric.

3. Scope — Use only the Answer (and optional Context to disambiguate names).
4. Punctuation — Standard Hebrew punctuation; never the character ‘-’.
#H##

Reasoning Steps
1. Identify its pivotal legal point (rule, fact pattern, mitigation, etc.).
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2. Reformulate that pivot into an interrogative sentence that elicits the Answer verbatim or in tight paraphrase.
3. Verify the question is answerable solely from the Answer.

### Output Format

Return exactly one line per Answer, numbered 1. 2. ...
Example:

DWRIT DY IV TINAT PATRAY 21300 e v 1.

W annn BV aTPIn 25w aWRIT NRTIT YD T30 .2

Return only the numbered list—nothing else.

Step 4: QA Validation
Model: GPT-40-mini

L9) 17-2 P IR MW 9RWA DY PR ANy TWNT ORT R TP 2RNAY MI2CT AWM T9RWT LJ79p MYR-pTI2 AR
(XD) 707 W (M
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