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Abstract

Text summarization systems face significant
adaptation costs when deployed across diverse
domains, requiring expensive few-shot learn-
ing or manual prompt engineering. We propose
a cost-effective domain adaptation framework
that generates reusable summarization guide-
lines using only two reference summaries and
three LLM inferences. Our approach works by
having the model compare its own generated
summaries against domain specific reference
summaries in a one time preparation step that
derives concise natural language guidelines that
capture the summarization patterns of the target
domain. These guidelines are then appended
to the summarization prompt to adapt the LLM
to the target domain at a minimal cost. We
evaluate our method across diverse model sizes
on three distinct summarization domains: Law-
suits, ArXiv papers, and Patents. Automatic
metrics show that guideline-based adaptation
achieves comparable or superior performance
compared to in-context learning and zero-shot
baselines. An LLM preference evaluation us-
ing the latest models shows that summaries
generated using such guidelines are superior
to the zero-shot or in-context learning summa-
rization prompts. Our method enables efficient
domain adaptation of text summarizer LLMs
with a minimal resource overhead, making spe-
cialized summarization particularly accessible
for agentic systems that require to process het-
erogeneous texts in enterprise environments.

1 Introduction

Text summarization modules are integral to many
modern agentic systems (Feng et al., 2023; Chen
et al., 2025) as they enable agents to process larger
volumes of information efficiently by condensing
content within the limited input context. This al-
lows agents to iteratively refine their understanding
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Figure 1: Our domain adaptation framework for text
summarization with self-generated guidelines.

without repeatedly processing the full source ma-
terial. Often, these summarization systems must
process content from diverse domains and formats,
where the optimal summary depends on the specific
domain and intended use case. After deployment,
processing long texts from previously unseen do-
mains or formats often requires substantial manual
adaptation of the summarization module. Com-
mon industry strategies for this adaptation include
providing in-context demonstrations or creating
labor-intensive, domain-specific prompts (Fonseca
and Cohen, 2024). In contrast to approaches that
incur high input token costs from in-context demon-
strations or require extensive manual crafting of
domain-specific prompts, we propose a generic
framework for adapting summarization prompts to
new domains or formats using only two reference
examples and a total of three LLM inferences. In
this framework, the Large Language Model (LLM)
summarization system first reviews two (K=2) pairs
of its generated outputs and the corresponding ref-
erence summaries from the target domain. From
these exemplars, it derives a concise set of summa-
rization guidelines, which are appended to the sum-
marization prompt during inference. Fonseca and
Cohen (2024) have shown that LLLMs can success-
fully follow specific instructions in their prompts to
adjust their writing style and content based on the
communication goals of the summary. This demon-
strates that providing LLMs with clear language
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guidelines can effectively help them adapt their
summarization to different purposes. We evaluate
the effectiveness of this approach by treating each
text summarization dataset as a distinct domain
and comparing its performance for each domain
against generic prompt baselines, namely zero-shot
and in-context learning.

Contributions

* We introduce an efficient domain adaptation
framework for text summarization that gen-
erates reusable natural language guidelines
using only two reference examples and three
LLM inferences, significantly reducing infer-
ence costs compared to traditional in-context
learning approaches.

We demonstrate the effectiveness of our self-
generated guidelines across three distinct do-
mains (legal, scientific, and patent documents)
and multiple model sizes (4B, 12B, 27B pa-
rameters), showing consistent improvements
both in terms of metrics and semi automatic
qualitative checks.

We provide a comprehensive evaluation
methodology combining ROUGE metrics
with LL.M-based preference evaluation, re-
vealing complementary insights about summa-
rization quality and demonstrating low agree-
ment between token-overlap and human-like
LLM preference evaluations (Cohen’s kappa:
-0.05 to 0.20).

2 Related Work

Within the past couple of years, it has become in-
creasingly apparent that LLMs outperform special-
ized seq2seq models at summarization tasks (Pu
et al., 2023; Zhang et al., 2025). A natural bene-
fit of using LLMs for text generation tasks such
as summarization is their long-context support and
the ability to perform tasks in a manner that is more
adapted to the specific use case through instruction
prompt specifications.

The search for effective prompt instructions to
guide LLMs to improve task performance and to
better fit the user’s needs has been widely explored
by practitioners and documented through resources
such as prompting handbooks. The research com-
munity has also developed interest in automatically
crafting prompts through various studies that in

Your job is to analyze example pairs of
Source Texts with Generated Summaries
and Target Summaries. You will write a
newline separated short list of
sentences (up to 8) as GUIDELINES on
generating better summaries that match
the DESIRED text length, formatting,
grammatical person, level of abstraction

and sentence complexity shown in the
target examples, while avoiding the
mistakes present in the generated
summaries. These GUIDELINES will help a
summarizer produce better summaries
without seeing any of the example
summaries. Focus on general principles,
not specific example details or narrow
sub-domain instructions.

EXAMPLE {i}:

Source Text: {source_text}

Generated Summary: {zero_shot_summary?}

Target Summary: {reference_summary?}
Write a newline separated short list of
sentences (up to 8) as GUIDELINES on
generating summaries that better match
the DESIRED text length, formatting,
grammatical person, level of abstraction
and sentence complexity shown in the
target examples, while avoiding the
mistakes in the generated summaries.
KEEP THE LIST SHORT. ONLY produce the
GUIDELINES and no additional text. Never
mention specific examples, target
summaries, or generated summaries in the
guidelines. The guidelines should be
general and applicable to the dataset as
a whole, providing clear direction that
can be followed independently.

GUIDELINES:

Prompt 1: Prompt used to generate guidelines. We
always use two examples.

general terms combine exploration and evaluation
(on a training set) of new variants given initial
prompts.

We now introduce some relevant works in auto-
prompting: Prasad et al. (2023) explore alternative
phrasings of the initial prompt through word- and
phrase-level edits. Pryzant et al. (2023) iteratively
refine the initial prompt using natural language
"batch gradients" that critique the current prompt
whilst this prompt is being adapted to the opposite
semantic direction of the gradient.

In parallel work, literature of In-Context Rein-
forcement Learning has demonstrated that LLMs
can improve and even acquire new abilities
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Model Dataset Generated Guidelines

Gemma-3-27B  ArXiv

Focus on conveying the core research question and primary findings.

Prioritize summarizing the overall approach and key results over detailed methods.
Maintain a concise and direct writing style, avoiding unnecessary elaboration.

Use declarative sentences and active voice to clearly state information.

Emphasize the significance and potential implications of the work.

Adopt a level of abstraction that highlights the main contributions, omitting granular details.
Keep summaries relatively short, typically within a defined word or sentence limit.

Frame the summary as a cohesive overview of the study’s purpose and conclusions.

Gemma-3-27B  BIGPATENT

Focus on capturing the core invention and its key features.

Maintain a formal and technical tone, mirroring patent-like language.
Prioritize describing *what* the invention does over *how* it works in detail.
Use complex sentence structures and precise terminology.

Summaries should be concise, typically within a single paragraph.

Employ the active voice and avoid excessive pronouns.

Retain the original document’s grammatical person (often third person).
Emphasize the problem the invention solves and its advantages.

Table 1: Self-generated (for the 27B Model) summarization guidelines for the two distinct domains. The complete

set of self-generated guidelines is presented in Table 4.

by receiving numerical or verbal feedback on
their past generations often through multiple self-
iterations(Lee et al., 2023; Monea et al., 2025; Song
et al., 2025; Madaan et al., 2023).

Our approach builds on the auto-prompt tun-
ing paradigm by incorporating insights from In-
Context Reinforcement Learning. However, un-
like iterative approaches, our method adapts the
summarization prompt to a new domain through a
single preparatory step that requires only two de-
velopment samples and two summaries generated
through a generic prompt for a total of just three
LLM inferences.

3 Methodology

3.1 Prompts

Minimal Prompt We use a Minimal prompt that
generically requests for a summary, similar to what
the model has seen during its instruction tuning.
The Minimal (zero-shot) prompt template is illus-
trated in the Prompt 2.

In-Context Learning (ICL) Prompt We create a
Minimal prompt variant that also receives texts and
their reference summaries in text. The ICL prompt
template is available in the Prompt 4.

Summarization with Self-Generated Guidelines

As denoted in Figure 1, we propose a two-step
summarization pipeline. In the preparation step,
the model contrastively analyzes example sets con-
taining 1. Source texts 2. Summaries it has gen-
erated through the Minimal prompt 3. The Refer-
ence (called Target) Summaries. As depicted in

Prompt 1, the model receives these three compo-
nents and then it is requested to identify its previous
mistakes and generate a short set of summarization
guidelines for future inferences to produce more
suitable summaries that better fit the style of the
reference summaries. Example guidelines for two
domains are showcased in Table 1. These self-
generated guidelines are produced once for each
combination of domain and dataset and then stored
for use during inference time.

Guidelines Prompt Our proposed solution is a
Minimal prompt extension that also instructs the
model to follow the aforementioned self-generated
guidelines. The Guideline prompt template is avail-
able in Prompt 3.

3.2 Summarization Systems

To compare scaling effects across different model
sizes within the same architecture, we experiment
with Google’s Gemma-3 (Instruction-Tuned) at
4B, 12B, and 27B parameters (Team et al., 2025).
All models provide a 128k-token context window,
which is critical for handling the input size required
for long-document summarization.

3.3 Datasets

We evaluate all models using only the test sets
of each respective dataset. For the necessary ex-
amples of both in-context learning and guideline
generation process, we use the same two examples
arbitrarily selected from the development set of the
corresponding dataset.

MultiLexSum (MLS): Multi-document Civil
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Rights Lawsuits (908 sources drawn from the
Civil Rights Litigation Clearinghouse) paired with
expert-authored reference summaries (Shen et al.,
2022). Reference summaries are provided at three
different granularities: long (typically multiple
paragraphs, 630 words), short (only one paragraph,
130 words) and tiny (one sentence, 25 words).

ArXiv: Full length scientific papers (total of
6440) taken from arXiv.org and PubMed.com sci-
entific repositories paired with their abstracts as
reference summaries (Cohan et al., 2018).

BIGPATENT: U.S. patent documents paired
with human-written abstractive summaries as their
reference summaries (Sharma et al., 2019). The
patents come from nine different technological ar-
eas, however, in our research we limit ourselves to
the 6911 patents of the area "y: General tagging of
new or cross-sectional technology".

Datasets Lengths The datasets vary in source
text length. BIGPATENT average document length
is 6585 tokens and median of 5290 tokens. For
ArXiv documents average 8713 tokens and median
of 7161 tokens, with documents extending beyond
100K tokens for both datasets. MultiLexSum con-
tains substantially longer texts, averaging 95,998
tokens, with median on 41926 tokens and source
texts reaching up to 4M tokens. These lengthy doc-
uments constrain in-context learning methods, as
individual examples can completely fill or exceed
conventional LLM input context length.

3.4 Evaluation Metrics

ROUGE: Automatic summarization evaluation
metric that assesses summary quality by quantify-
ing token overlap between a system-generated sum-
mary and one or more human reference summaries.
Specifically, ROUGE-1 (R-1) reports recall/preci-
sion/F1 based on overlapping unigrams, ROUGE-2
(R-2) based on overlapping bigrams, and ROUGE-
L (R-L) computes recall/precision/F1 based on the
length of the Longest Common Subsequence. All
ROUGE scores reported in this work are F1 scores
(x100 for readability).

LLM Preference: Complementary to ROUGE,
we use Claude 4 Sonnet to measure pairwise prefer-
ence between summaries generated through dif-
ferent prompting approaches relative to the ref-
erence summary. While traditional metrics like
ROUGE focus on token overlap, LLM-based eval-
uation can capture more nuanced aspects of text

quality and has been widely adopted in recent lit-
erature (Bavaresco et al., 2025; Liu et al., 2024a).
Research has demonstrated that LLM evaluators
often show higher agreement with human evalua-
tion than conventional automatic metrics (Nguyen
et al., 2024; Tan et al., 2024; Shen et al., 2023). To
minimize positional bias (Wang et al., 2024), we
randomly shuffle the order of the presented gener-
ated summaries during inference and perform each
evaluation (total of 500 samples) three times, se-
lecting the most frequent prediction. Our complete
evaluation criteria and precise prompt is available
in Prompt 5.

3.5 Compute Costs

For the summarization systems, all models were
hosted at full precision on an x4 L40(48 GB) GPU
cluster for a total of 430 hours'. For the LLM
preference evaluation, we ran 44,808 Anthropic
API requests averaging approximately 1100 input
tokens per call with a total estimated cost of $150.

4 Results

This section presents our results in five parts. We
begin with the ROUGE evaluation of our main re-
sults, followed by an LLM preference evaluation.
Subsequently, we measure the agreement between
ROUGE and the LLM preference within the subset.
Afterwards, we analyze a pitfall and an opportu-
nity of our Guidelines approach and conclude with
remarks on the characteristics/irregularities of our
generated text.

4.1 ROUGE

We illustrate the ROUGE evaluation results in Ta-
ble 2. Based on the token overlap evaluations, the
following patterns emerge:

ICL(K = 2) decreases ROUGE: The introduc-
tion of two full example demonstrations within the
text can harm performance, with this effect being
more prominent on the 4B and 12B models. We
hypothesize that the lengthy examples in the /CL
prompt are possibly acting as a haystack, a form of
information clutter for the LLMs (Liu et al., 2024b;
Hengle et al., 2025).

Guidelines bring improvements: The intro-
duction of Guidelines consistently improves sum-
marization performance across most dataset and
model combinations. This benefit is particularly

"Note that this infrastructure was needed for the most

compute intense experiments (long input, 27B model) whilst
a smaller cluster would suffice for most of the others
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Lawsuits (MLS_long)

Science (ArXiv)

Patents (BIGPATENT)

Average

Model & Method \ R-1 \ R-2 \ R-L \ R-1 \ R-2 \ R-L \ R-1 \ R-2 \ R-L H R-1 \ R-2 \ R-L \
Gemma 4B
Minimal 29.6 | 10.7 17.2 409 | 12.1 | 202 | 404 | 122 23.2 37.0 | 11.7 | 20.2
ICL (K=2) 28.6 | 10.1 16.9 34.7 8.0 | 182 | 382 | 11.5 23.0 334 99 | 155
Guidelines (K=2) | 28.5 | 11.1 17.5 40.6 | 11.5 | 20.8 | 40.6 | 12.7 24.1 36.6 | 11.8 | 20.8
Gemma 12B
Minimal 30.2 | 11.3 18.0 41.2 | 12.0 | 21.2 | 409 | 12.7 24.1 374 | 120 | 21.1
ICL (K=2) 285 | 10.5 17.3 31.6 75 | 17.6 | 43.7 | 17.2 28.4 346 | 11.8 | 174
Guidelines (K=2) | 31.3 | 12.7 19.3 41.5 | 12.3 | 21.0 | 451 | 16.6 27.6 39.3 | 139 | 22.6
Gemma 27B
Minimal 33.0 | 11.8 18.6 43.2 | 13.3 | 22.5 | 40.3 | 123 23.6 383 | 125 | 21.6
ICL (K=2) 282 | 10.1 16.9 399 | 11.6 | 21.6 | 424 | 14.7 259 36.8 | 12.1 | 21.5
Guidelines (K=2) | 38.1 | 15.8 21.3 425 | 129 | 22.6 | 423 | 143 25.1 41.0 | 143 | 23.0

Table 2: Main evaluation table in ROUGE. Averages denote the arithmetic mean across the three datasets.

(Gemma=5)

MLS_long 42.2% 4.8% 53.0%

ArXiv 20.2% 78.6%

BIGPATENT 56.8%

Gemma-12B

MLS_long 4.6% 58.6%

ArXiv 58.4%

BIGPATENT

Gemma-27B
MLS_long 7.2%
ArXiv

BIGPATENT

Figure 2: Minimal v Guidelines Claude’s preference.

evident with Gemma 12B on the BIGPATENT
dataset, which exhibits a ROUGE increase of 4.3 on
average, and with Gemma 27B on the MLS_long
dataset, which demonstrates an average improve-
ment of 4.6.

BIGPATENT 12B v 27B: Contrary to expec-
tations, the 12B model achieved higher ROUGE
scores than the 27B model on the BIGPATENT
dataset when using the Guidelines prompt. To
further examine this unexpected finding, we con-
ducted an LLM preference evaluation between the
two models and found that 51.4% of the summaries
generated by the 27B model are preferred over
those produced by the 12B model, contradicting the
superior performance in terms of ROUGE scores.

4.2 LLM Preference

We illustrate Claude 4’s preference between sum-
maries generated by the Minimal and Guidelines
prompts in Figure 2. In eight out of nine eval-
uations, the Guidelines summaries are preferred,
with strong preferences ranging from 50% to 60%.

Notably, an extreme preference of 78.6% was ob-
served for the Guidelines approach on the ArXiv
dataset using the 4B model, while ROUGE metrics
showed similar performance across both methods.
Upon examining these specific guidelines (second
row, Table 4), we find that they constitute excellent
advice for writing well-structured abstracts, empha-
sizing concise phrasing, logical sequencing, and
structured organization around key categories such
as methods, results, and implications. Our quali-
tative analysis on a sample confirms that this im-
proved structure and formatting is indeed present,
an enhancement that goes completely undetected
by ROUGE evaluations but is strongly preferred by
Claude.

Illustrated in Figure 6, when comparing Guide-
lines versus ICL summaries, Claude demonstrates
a preference by a large margin for the Guidelines
in seven evaluations, with /CL preferred only in
the 12B and 27B BIGPATENT cases by smaller
margins.

On the summaries produced by the 12B model
on the ArXiv dataset, we observe the single eval-
uation where the Minimal prompt wins, being
strongly preferred in 58.4% of the samples. This
result suggests that low-quality or unfortunate gen-
erations of self-generated guidelines can degrade
performance, even when applied to datasets where
the same samples and prompts previously produced
effective guidelines with a smaller model.

4.3 ROUGE v LLM Preference

To enable comparison with the Claude prefer-
ence evaluations, we converted ROUGE into a
preference-based metric by designating the sum-
mary with the higher ROUGE F1 score as preferred
in each pair. We then measured the agreement be-
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Figure 3: Agreement between Claude and ROUGE preferences for the 4B and 27B models. The notation {evaluation
metric }25{summarization method} indicates cases where the evaluation metric prefers summaries generated by the

corresponding method. For the 12B model, see Figure 5.

tween these ROUGE-based preferences and the
LLM preference evaluations for both the 4B and
27B models, as shown in Figure 3.

We observe low agreement between the two eval-
uation approaches, with Cohen’s kappa scores rang-
ing from -0.05 to 0.20. In datasets where the two
approaches produce summaries with similar overall
average R-1 scores with the most frequent source
of disagreement is that Claude prefers summaries
produced through the Guidelines prompt while R-1
favors those generated through the Minimal prompt.
Conversely, when there are larger overall R-1 dif-
ferences (>0.02), the most frequent disagreement
occurs when Claude prefers summaries from the
Minimal prompt while R-1 the Guidelines prompt.

These interactions between the metrics shows
the importance of both token overlap ROUGE and
human-like LL.M preference evaluations to obtain
a broader picture of summarization quality.

4.4 Pitfall: Bad-Batch Guidelines

During the preparatory step, the auto-regressive
generation of summarization guidelines is suscepti-
ble to sequence generation pitfalls previously iden-
tified in the literature (Arora et al., 2022). Exposure
bias can lead to error accumulation, where initial
minor mistakes or improbable continuations com-
pound over time, resulting in counterproductive
generations. We call these problematic guidelines
generations as "Bad-Batch Guidelines" as they may
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mislead the summarization module and cause un-
desired behavior in the generated summaries.

Our evaluation thus far has relied on the first
set of guidelines generated by the system. How-
ever, how robust is our approach when the initial
guideline generation produces suboptimal results?
To address this, we generate multiple guideline
sets for the 12B model on ArXiv and BIGPATENT
datasets, selecting a set of guidelines that we iden-
tify as potentially misleading to the summarization
process. These selected "Bad-Batch Guidelines"
are presented in Table 5.

We then perform summarization with these "Bad-
Batch Guidelines" and evaluate the results us-
ing both ROUGE and LLM preference evaluation
against both the Guidelines and Minimal prompts.
The results are illustrated in Figure 4.

We can see that the "Bad-Batch Guidelines" per-
form similarly to the Minimal prompt in terms of
ROUGE on the ArXiv dataset or even outperform
it on the BIGPATENT dataset. However, the LLM
preference evaluation reveals the subpar quality of
summaries generated using faulty guidelines, par-
ticularly prominently in the BIGPATENT dataset.

To further investigate the issues introduced by
the "Bad-Batch Guidelines", we performed a semi-
automatic qualitative analysis of the LLM prefer-
ence evaluation’s "reasoning” output using Claude
Code. We found that the problematic guidelines
promoted two key issues: (1) in ArXiv datasets,
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Figure 4: Minimal v Guidelines v Bad-Batch Guidelines.
Bar segments indicate Claude’s preference percentages
whilst corner values show average ROUGE scores.

the introduction of background context and con-
tent not present in the reference material, and (2)
in BIGPATENT datasets, excessive verbosity that
led to repetition. These insights were subsequently
confirmed through additional qualitative checks.

This highlights the risks of providing unchecked
summarization guidelines to the model, which can
be minimized by keeping a human in the loop to
review the guidelines and automatically running
initial experiments to validate performance.

4.5 Opportunity: LenSpecific Guidelines

The guidelines produced by the model are written
in natural language, allowing human post-editing.
We conducted an experiment on the MultiLexSum
dataset, a dataset with three reference summaries of
different lengths. We generate independently guide-
lines for each length variant, then applied minimal
human edits (detailed in Table 6) to introduce/alter
the guidelines so that it specifies the target sum-
mary length based on the reported average.
Observing the raw length of the produced sum-
maries, we compare the word counts between
Guidelines and LenSpecificGuidelines across three
target lengths. For tiny summaries (25-word tar-

get), word lengths decreased from 90-113 to 60-65
words. Short summaries (130-word target) shifted
from 83-120 to 116-125 words. For long sum-
maries (630-word target), we observe a monotonic
increase in average length based on model size: 4B
model (108 — 151 words), 12B model (121 — 239
words), and 27B model (193 — 323 words). This
pattern in the long target summaries (in a dataset
with 96,000 tokens long texts) might suggest that
the amount of information a model can represent
and summarize is proportional to its parameter size,
even when given explicit instructions to produce
longer (630 words) summaries (issue is also docu-
mented in Fonseca and Cohen (2024)).

In ROUGE scores, the LenSpecificGuidelines
outperform the original Guidelines in most exper-
iments as anticipated since they better match the
target summary length.

However, the LLM Preference evaluation finds
that the summaries produced by Guidelines are
preferred over the LenSpecificGuidelines on the
short and long target summaries with large mar-
gins across all models (3-21%). Instead, the single
sentence tiny target summaries exhibit the oppo-
site behavior with LenSpecificGuidelines being pre-
ferred over the Guidelines with even broader mar-
gins across all models with (2-34%). We conducted
a semi-automatic qualitative analysis of the LLM
preference evaluation’s "reasoning" output using
Claude Code. For "tiny" summary targets, we ob-
served that the LenSpecificGuidelines promoted
higher levels of conciseness without sacrificing
completeness. However, for lengthier "long" and
"short" summary targets, the LenSpecificGuide-
lines performed worse, as they tended to intro-
duce redundant information and excessive legal
specifics.

4.6 Remarks on Generations

We examine the stability and quality of our text gen-
eration results. While it would be optimal to com-
pute each experiment multiple times to account for
stochastic variation, this is prohibitively expensive
at scale. We therefore conduct a stability check and
analyze additional generation quality issues, includ-
ing instruction-following artifacts and in-context
learning errors.

Stability of Results In terms of ROUGE, we run
three rounds of generations using the 4B model
on the Minimal, Guidelines, and ICL prompts
across the ArXiv and BIGPATENT datasets. All
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Lawsuits (MLS_long)

Lawsuits (MLS_short)

Lawsuits (MLS_tiny)

Average

Model & Method | R1 | R2 | R-L R1|R2| RL | R1|R2|RL || R1 | R2|R-L|
Gemma 4B
Minimal 29.6 | 10.7 17.2 | 259 9.8 15.0 24.2 94 | 139 || 26.6 | 10.0 | 154
Guidelines 285 | 11.1 175 | 37.2 | 119 22.3 18.4 5.1 ] 12.8 || 28.0 | 11.9 | 175
LenSpecificGuidelines | 33.4 | 12.6 19.0 | 38.8 | 12.3 224 20.0 53 | 14.0 || 349 9.9 | 18.5
Gemma 12B
Minimal 30.2 | 11.3 18.0 | 27.1 | 10.5 15.7 25.8 | 104 | 149 || 27.7 | 10.7 | 16.2
Guidelines 31.3 | 127 19.3 | 399 | 139 239 16.0 44 | 11.2 || 29.1 | 10.3 | 18.1
LenSpecificGuidelines | 40.4 | 15.8 219 39.7 | 13.2 23.4 20.9 5.5 | 14.8 33.7 | 11.5 | 20.0
Gemma 27B
Minimal 33.0 | 11.8 18.6 | 30.0 | 10.8 16.3 28.5 | 10.5 | 15.2 || 30.5 | 125 | 11.0
Guidelines 38.1 | 158 | 21.3 | 37.8 | 11.5 21.8 15.8 43 | 109 || 30.6 | 12.1 | 144
LenSpecificGuidelines | 40.6 | 16.1 209 | 379 | 113 21.2 20.9 55| 147 || 33.1 | 11.0 | 18.9

Table 3: Summarization performance on the MultiLexSum dataset across varying target summary lengths with

length-specific instruction guidelines.

three runs for each method show similar average
ROUGE scores, indicating that our reported results
are stable across the other experiments as well.

Beyond ROUGE stability, we also validated the
consistency of our LLM preference evaluations.
We conducted additional LLM preference evalua-
tions on the summaries produced by the 27B model
using two alternative evaluation setups: (1) role-
specific system prompts and (2) GPT-4.1 as the un-
derlying evaluator. Both alternative variants agree
with the primary LLM preference variant, with
the role-specific system prompt showing particu-
larly strong preferences for guideline-generated
summaries (80% for MultiLexSum and 66% for
BIGPATENT datasets).

Generation Artifacts We performed string
matching to identify cases where models fail to fol-
low generation instructions and produce artifacts
such as "here is the summary:". On the smaller
ArXiv and BIGPATENT datasets, the 12B and 27B
models produce no artifacts, while the 4B model
contains artifacts in approximately 0.7% of its gen-
erations. However, on MultiLexSum, the dataset
with the largest source texts exhibited a 7-13%
of generations containing artifacts across all three
model sizes, with particularly high artifact rates in
the ICL prompt. This suggests that models struggle
to comprehend instructions when processing longer
inputs, consistent with findings in the literature of
information representation in Long-Context LLMs
(Liu et al., 2024b; Hsieh et al., 2024a,b; Hengle
et al., 2025).

In-Context Learning Repetitions We observe
an infrequent but notable error in the /CL prompt
on BIGPATENT: the 4B and 12B models occasion-

ally (<0.02%) reproduce the summary from the last
in-context example rather than generating a sum-
mary for the target text. Surprisingly, this error
does not occur with the 27B model. This suggests
that smaller models are more prone to confusion
when processing in-context demonstrations, while
larger models better handle this input format. Such
errors may partially explain why the /CL prompt
underperforms in smaller models but achieves com-
petitive results within the bigger models.

5 Discussion

Computational Efficiency Our approach to gen-
erating summarization guidelines has similar at-
tributes to in-context learning prompting but with
a computational cost that is close to a Minimal
prompt. We process the two demonstration exam-
ples once to produce reusable guidelines, so we
do not have to include the K-shot examples at in-
ference time. For K=2, that means we can omit
prepending the two source texts and their reference
summaries every time we perform summarization.

This efficiency gain is especially prevalent in
long-form summarization. For instance, in Multi-
LexSum the two source texts plus their reference
summaries can add up to about 190,000 input to-
kens, whereas the resulting guidelines are roughly
300 tokens. When performing summarization at
scale, this minimization of input tokens would sig-
nificantly reduce costs.

Flexible Initialization In this work, we focus on
deriving summarization guidelines with an LLM
by comparing model-generated summaries to refer-
ence summaries. That said, the guidelines can also
be initialized in other ways, for example, from a
combination of editorial standards and generated
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summaries, or from generated summaries paired
with human post-edits. In practice, the guidelines
could even be written entirely by humans; at that
point, the process is more accurately described as
prompt engineering.

Human Post-Editable Because the LLM-
produced summarization guidelines are written
in natural language, the patterns and guidelines
inferred from the provided samples can be
reviewed and customized by a subject matter
expert. We therefore propose a human-LLM
collaboration framework comprising three steps:
(1) a human author provides a reference summary;
(2) the LLM identifies where it deviates from
the desired summarization and formulates corre-
sponding guidelines; and (3) the subject matter
expert post-edits these guidelines to refine and
operationalize the desired summarization behavior.

6 Conclusions

We present a framework that adapts summariza-
tion models to new domains using only two refer-
ence summaries and three LLM inferences. The
three evaluation domains: lawsuits, arXiv papers,
and patents are deliberately distinct, motivating the
need for domain-sensitive adaptation. Across these
domains, the method yields mostly consistent gains
in ROUGE and LLM preference. Guideline-based
summaries are preferred in the majority of the eval-
uations across 4B, 12B, and 27B models. The self-
reflection step enables models to compare their
outputs with references, derive actionable, domain-
specific guidelines, and use those guidelines in
prompts to consistently outperform zero-shot and
standard in-context learning baselines. Our joint
evaluation shows low agreement between ROUGE
and LLM preference (Cohen’s kappa -0.05 to 0.20),
suggesting that structural and coherence improve-
ments favored by LLM judges are not captured by
token-overlap metrics. Minimal examples, when
converted into self-generated guidelines, enable ef-
fective domain adaptation without costly few-shot
setups while maintaining competitive quality. The
approach also yields interpretable guidelines and
may inform future work on adaptive deployment
and the role of self-reflection in domain-specific
summarization.

Limitations

Our approach and examination have several limi-
tations. Firstly, we used only two reference sum-

maries for guideline generation. This small sample
may not capture the full range of summarization
styles within each domain. Our comparison with in-
context learning is subject to the same two-sample
constraint, which may not reflect the optimal per-
formance of either approach, as both could benefit
from larger example sets. Secondly, our experimen-
tal evaluation focused on the Gemma-3 family (4B,
12B, 27B parameters) across three domains (legal,
scientific, patents). While these results demonstrate
the approach’s effectiveness within this scope, gen-
eralization to other model architectures or domains
is not guaranteed.

Third, our evaluation methods have weaknesses.
ROUGE captures only surface-level token over-
lap and misses qualitative aspects such as coher-
ence and structure. Our LLM preference evalua-
tion using Claude 4 Sonnet might also be intro-
ducing model- and prompt-specific biases. We at-
tempted to minimize the bias introduction risks by
re-running evaluations with alternative prompt vari-
ants (including system prompt roleplaying) and by
using GPT 4.1 as a secondary evaluator in which
we observed similar conclusions.

Fourth, our approach does not consider prompt
caching techniques, which could provide an alter-
native pathway for domain adaptation. Prompt
caching allows LLMs to store and reuse precom-
puted attention states for frequently used prompt
prefixes, potentially enabling domain adaptation by
caching domain-specific context without requiring
guideline generation. While our guideline-based
approach provides a lightweight solution, prompt
caching might offer complementary benefits.

These limitations highlight several promising
directions for future research. The evaluation chal-
lenges we identified point to the need for more
comprehensive assessment frameworks that better
capture the multifaceted nature of summarization
quality. Finally, the generality of our guideline-
generation approach suggests extensions to other
domain-specific text generation tasks beyond text
summarization.
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A Appendix

Summarize the following text. ONLY

produce the summary and no additional
text:
Text: {source_text}

Summary :

Prompt 2: Zero-shot summarization prompt.

Your task is to summarize a text. When

summarizing, adhere to the GUIDELINES

when possible and relevant.

GUIDELINES:

{guidelines}

Text to summarize:

{source_text}

ONLY produce the summary whilst adhering
to the GUIDELINES and DON'T PRODUCE
additional text.

Summary :

Prompt 3: Summarization prompt with guidelines.

Your task is to summarize a text. Here
are a few examples of Source Texts and
Target Summaries:

Source Text: {source_text_example}
Target Summary: {
reference_summary_example}

Summarize the following text.
Source Text: {source_text}

ONLY produce the summary and no
additional text.

Summary :

Prompt 4: Summarization prompt with few-shot
examples. Examples section (source text and target
summary pairs) is repeated for each example.
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= Claude 4 Sonnet Dataset : MLS_long Dataset: ArXiv Dataset: BIGPATENT

Overall Cohen's « Overall Cohen's k Overall Cohen’s «
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o . R-2 with £3: 0.023 o R-2 with £3:0.131 Guideli : R-2 with £3: 0.083
Guidelines R-1: 0.313 RLwih £73- 0.083 Guidelines R-1: 0.415 R-Lvith £7:0.014 uidelines R-1: 0.451 R-Lwith £13: 0.026

78 89 67 50

R-1&4Minimal
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Figure 5: Agreement between Claude and ROUGE preferences for the 12B model. The notation {evaluation
metric }25{summarization method} indicates cases where the evaluation metric prefers summaries generated by the
corresponding method.

You are evaluating two AIl-generated
summaries. Compare them against the
reference summary and determine which
one is better.

*xReference Summary:xx {
reference_summary}

*xSummary A:** {summary_a}

*xSummary B:x* {summary_b}

Please evaluate which summary is better (Gemma-aB| it

No Preference
. 23.6% 6.2% 70.2%
based on: MLS_long Guidelines

1. x*Accuracy**: How well does it
capture the key information?
2. x%Clarity**: Is it well-structured BIGPATENT . -

2
and easy to understand?

3. x*xConciseness*x: Does it avoid

ArXiv 1 8.6% 91.0%

MLS_long 24.0% 3.2% 72.8%
redundancy while maintaining essential B
information? Arxiv 24.0% 75.4%
4. xxFaithfulnessx*: How well does it
align with the reference summary? BIGPATENT 57:2% 42.0%
*xInstructions : *% MLS_long 36.4% 2.8% 60.8%
- Choose "A" if Summary A is better
- Choose "B” if Summary B is better Ariv 37:0% 62.6%
- Choose "None" if both summaries are of
. BIGPATENT 54.6% 44.6%
equal quality
Please respond in the following JSON Figure 6: ICL v Guidelines LLLM Preference results.
format:
{{
"preference"”: "A|B|None",
"reasoning”: "Brief explanation (2-3

sentences) of why you made this choice,
focusing on the key differentiating
factors."”

33

Prompt 5: LLM preference evaluation prompt.
Temperature is set to 0.1
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Model

Dataset

Generated Guidelines

Gemma-3-4B

MultiLexSum

* Focus on conveying the core legal issue and the outcome of the case concisely.

* Use the passive voice to maintain a formal and objective tone.

* Limit each sentence to approximately 15-20 words, prioritizing clarity and brevity.

* Include key factual details (parties involved, location, legal basis) without unnecessary elaboration.

* State the settlement or ruling directly and clearly.

* Avoid legal jargon where possible, and define any necessary terms briefly.

* Maintain a neutral and impartial perspective throughout the summary.

* Structure the summary with a logical flow, starting with the initial action and ending with the resolution.
* Keep the summary at approximately 100-150 words in length.

Gemma-3-4B

ArXiv

* Prioritize concise phrasing, avoiding overly detailed explanations.

* Maintain a neutral, objective tone and use the passive voice where appropriate.

* Focus on conveying the core findings and methods, omitting background context unless essential.
* Structure summaries around key steps or categories (e.g., methods, results, implications).

* Limit each sentence to a maximum of 20 words for clarity and brevity.

* Present information in a logical sequence, reflecting the flow of the original text.

* Use precise terminology and avoid jargon unless clearly defined.

* Summarize the purpose and scope of the study upfront.

* Conclude with a brief statement of the overall significance or impact.

Gemma-3-4B

BIGPATENT

* Prioritize concise phrasing, eliminating redundant words and phrases.

* Maintain a formal, objective tone and use third-person perspective.

* Focus on key concepts and avoid excessive detail.

* Structure summaries with a clear beginning, middle, and end, reflecting the text’s logical flow.

* Employ declarative sentences and avoid overly complex sentence structures.

* Capture the core function or purpose of the original text.

* Summarize in complete sentences, ensuring grammatical correctness.

* Aim for a length proportional to the original text’s significance — generally, a fraction of the original word count.

Gemma-3-12B

MultiLexSum

Focus on the core allegations and resolution.

Maintain a formal, objective tone.

Use concise language and avoid unnecessary detail.
Structure the summary chronologically.

Clearly state the parties and their roles.

Summarize legal proceedings and outcomes succinctly.
Limit the summary to essential facts and rulings.
Employ declarative sentences with moderate complexity.

Gemma-3-12B

ArXiv

Focus on the core purpose and key findings of the source text.

Use concise language and avoid unnecessary detail.

Employ a formal and objective tone.

Structure the summary logically, mirroring the source’s flow.

Prioritize broader concepts over specific instances.

Maintain a moderate level of sentence complexity.

Avoid making interpretations or drawing conclusions beyond the source.
Use passive voice where appropriate to maintain objectivity.

Gemma-3-12B

BIGPATENT

Focus on conveying the core functionality and key components of the described system.

Maintain a formal and objective tone throughout the summary.

Use concise sentences with a moderate level of complexity.

Prioritize describing the system’s purpose and features over detailed mechanisms.

Structure the summary logically, typically starting with overall purpose and then detailing components.
Avoid overly technical jargon or unnecessary detail.

Aim for a summary length that provides a sufficient overview without being excessively long.

Present information in a declarative style, focusing on what the system is and does.

Gemma-3-27B

MultiLexSum

Prioritize conveying key legal and procedural details, including case names, court locations, and specific actions taken by the court.
Maintain a formal and objective tone, avoiding interpretive language or subjective assessments.

Focus on summarizing the *sequence* of events, rather than simply listing facts.

Use complete sentences and avoid overly concise or telegraphic phrasing.

Include monetary amounts and specific dates when they are central to the case’s outcome.

Employ precise legal terminology where appropriate, but explain it if necessary for clarity.

Summaries should generally be between 150-300 words to adequately cover the essential information.

Retain passive voice where it reflects legal documentation style and avoids attributing agency unnecessarily.

Gemma-3-27B

ArXiv

Focus on conveying the core research question and primary findings.

Prioritize summarizing the overall approach and key results over detailed methods.
Maintain a concise and direct writing style, avoiding unnecessary elaboration.

Use declarative sentences and active voice to clearly state information.

Emphasize the significance and potential implications of the work.

Adopt a level of abstraction that highlights the main contributions, omitting granular details.
Keep summaries relatively short, typically within a defined word or sentence limit.

Frame the summary as a cohesive overview of the study’s purpose and conclusions.

Gemma-3-27B

BIGPATENT

Focus on capturing the core invention and its key features.

Maintain a formal and technical tone, mirroring patent-like language.
Prioritize describing *what* the invention does over *how* it works in detail.
Use complex sentence structures and precise terminology.

Summaries should be concise, typically within a single paragraph.

Employ the active voice and avoid excessive pronouns.

Retain the original document’s grammatical person (often third person).
Emphasize the problem the invention solves and its advantages.

Table 4: Self-generated summarization guidelines for all models and domains.
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Model

Dataset

Bad-Batch Generated Guidelines

Gemma-3-12B

ArXiv

Focus on the core purpose and key findings.

Use a formal, objective tone.

Maintain a high level of abstraction, avoiding excessive detail.
Employ relatively complex sentence structures.

Prioritize conveying scientific concepts and methodologies.
Present information in a concise and structured manner.

Limit the inclusion of background context or tangential details.
Avoid overly enthusiastic or speculative language.

Gemma-3-12B

BIGPATENT | Focus on conveying the core purpose and key features of the described invention.

Use formal and technical language appropriate for a patent-style description.
Structure sentences to present information in a logical, sequential order.
Maintain a third-person perspective and avoid personal opinions.

Include specific details about components and their functions.

Employ precise terminology and avoid vague or ambiguous phrasing.
Summarize structural elements and their interactions within the system.
Target a summary length that comprehensively covers the invention’s scope.

Table 5: Bad-Batch self-generated guidelines used in Figure 4.

Model

Dataset

LenSpecific Guidelines

Gemma-3-4B

MultiLexSum
Long

* Focus on conveying the core legal issue and the outcome of the case concisely. * Use the passive voice to maintain a formal and objective
tone. * Limit each sentence to approximately 15-20 words, prioritizing clarity and brevity. * Include key factual details (parties involved,
location, legal basis) without unnecessary elaboration. * State the settlement or ruling directly and clearly. * Avoid legal jargon where
possible, and define any necessary terms briefly. * Maintain a neutral and impartial perspective throughout the summary. * Structure the
summary with a logical flow, starting with the initial action and ending with the resolution. * Keep-the-summary-at-approximately 106150
words-intength- Target a summary consisting of multiple paragraphs with a total length of 600-650 words.

Gemma-3-4B

MultiLexSum
Short

* Summarize the core legal issue (discrimination) concisely, focusing on the type of discrimination (gender) and the parties involved. *
Maintain a formal, objective tone, mirroring the legal document’s style. * Limit the summary to appreximately-66-86 a single paragraph
consisting of approximately 130-150 words, prioritizing essential information. * Use the passive voice where appropriate to maintain
a neutral perspective. * Avoid overly detailed descriptions of procedural steps (e.g., “filed a motion™). * Focus on the outcome of the
case (consent decree, dismissal) rather than the extensive litigation details. * Include key terms like “Equal Employment Opportunity
Commission,” “Consent Decree,” and “discrimination.” * Structure the summary in a logical sequence: issue, parties, resolution. * Ensure
the summary is self-contained and understandable without reference to the original document.

Gemma-3-4B

MultiLexSum
Tiny

* Summarize the core legal issue (discrimination) concisely, focusing on the central claim. * Maintain a formal, objective tone appropriate
for legal documents. * Use the third person to describe the events and parties involved. * Provide a high-level overview of the resolution
(Consent Decree). * Limit the summary to approximatety-66-86-werds a single sentence of up to 25-30 words long. * Include key details
like the parties involved (EEOC, defendants, plaintiff). * Mention the outcome of the case (dismissal with prejudice). * Focus on the
essential facts and legal findings, omitting minor details. * Employ clear and concise language, avoiding jargon where possible.

Gemma-3-12B

MultiLexSum
Long

Focus on the core allegations and resolution. Maintain a formal, objective tone. Use concise language and avoid unnecessary detail.
Structure the summary chronologically. Clearly state the parties and their roles. Summarize legal proceedings and outcomes succinctly.
Limit the summary to essential facts and rulings. Employ declarative sentences with moderate complexity. Target a summary consisting of
multiple paragraphs with a total length of 600-650 words.

Gemma-3-12B

MultiLexSum
Short

Focus on the core legal claims and outcomes. Maintain a formal and objective tone. Use concise sentences and avoid excessive detail.
Present information in a chronological order. Highlight key parties and their roles. Adhere to a neutral grammatical person (third person).
Summarize the final disposition of the case. Prioritize factual accuracy and legal relevance. Target a single paragraph of approximately
130-150 words length.

Gemma-3-12B

MultiLexSum
Tiny

Focus on the core legal claims and resolution. Maintain a formal and objective tone. Summarize key actions and outcomes concisely. Use
declarative sentences and avoid excessive detail. Structure the summary chronologically or thematically. Limit the summary to essential
facts and legal terminology. Adhere to a professional and concise writing style. Avoid subjective interpretations or opinions. Limit the
summary to a single sentence of up to 25-30 words long.

Gemma-3-27B

MultiLexSum
Long

Prioritize conveying key legal and procedural details, including case names, court locations, and specific actions taken by the court.
Maintain a formal and objective tone, avoiding interpretive language or subjective assessments. Focus on summarizing the *sequence*
of events, rather than simply listing facts. Use complete sentences and avoid overly concise or telegraphic phrasing. Include monetary
amounts and specific dates when they are central to the case’s outcome. Employ precise legal terminology where appropnate bul explain it
if necessary for clarity. - Target a
summary consisting of multiple pdm"mphs with a loldl length of 600- 650 words. Retam passive voice where it reﬂects legal documentation
style and avoids attributing agency unnecessarily.

Gemma-3-27B

MultiLexSum
Short

Prioritize conveying key legal outcomes and agreements over detailed procedural history. Focus on the core claims, resolutions, and
financial settlements. Maintain a formal and objective tone, avoiding subjective language. Use complete sentences and structured
paragraphs for clarity. Summarize in the present tense whenever possible to convey lasting impact. Keep summaries concise, generatty
within3-5-sentenees: targeting a single paragraph of approximately 130-150 words length. Emphasize the actions of entities (e.g., the
court, the parties) rather than individual actors. Avoid including extraneous details like docket numbers or filing dates.

Gemma-3-27B

MultiLexSum
Tiny

Focus on core legal claims and resolutions, omitting detailed procedural history unless crucial to the outcome. Maintain a formal, objective
tone and grammatical person (typically third person). Summarize in complete sentences, mirroring the complexity of legal writing.
Prioritize conveying the key parties, allegations, and ultimate disposition of the case. Limit fength-to-approximately-3-5-sentenees the
summary to a single sentence of up to 25-30 words long, emphasizing conciseness. Avoid excessive detail regarding motions or intermediate
steps; focus on final rulings. Clearly state the legal basis for the claims and the outcome of the case. Use precise language reflecting legal
terminology where appropriate.

Table 6: Edits to the self-generated guidelines of MultiLexSum to target specific lengths, used in Table 3.
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