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Abstract

Text simplification aims to modify documents
and sentences to make them easier to read and
understand while preserving their meanings.
Different applications require distinct simplifi-
cation policies, e.g., lexical-oriented simplifi-
cation and overall rewriting while trading off
detail for simplicity. However, achieving such
policy-driven control remains an open chal-
lenge. In this work, we introduce a simple yet
powerful approach that leverages Large Lan-
guage Model-as-a-Judge (LLM-Judge) to au-
tomatically construct policy-aligned training
data, removing the need for costly human anno-
tation or parallel corpora. Our method enables
the construction of simplification models that
adapt to diverse simplification policies at both
the sentence and document levels. Remark-
ably, small-scale open-source LLMs match or
surpass GPT-5, as verified by both automatic
metrics and edit analysis. The consistent im-
provements across model families and sizes
demonstrate the robustness of our approach.’

1 Introduction

Text simplification benefits users with reading
difficulties, such as second-language (L.2) learn-
ers and people with reading impairments (e.g.,
dyslexia) (Alva-Manchego et al., 2020b). It
involves a series of edits, and document- and
sentence-level simplification naturally require dif-
ferent editing strategies. Sentence-level simplifi-
cation policy can vary from lexical paraphrasing,
deletion, and sentence splitting, while document-
level simplification further needs content reorder-
ing, discourse-level rewriting, and elaboration on
uncommon topics (Xu et al., 2015; Wilkens et al.,
2020; Vasquez-Rodriguez et al., 2023; Sun et al.,
2021; Laban et al., 2023). The preferred edit pol-
icy, i.e., permissible or appropriate edits in given

'Our code and data will be available at https://github.
com/WuXuanxin/edit_policy_simp.

texts, varies significantly depending on the target
audience and applications. In this study, we focus
on simplification for L2 education and learning,
which has been one of the primary applications of
simplification techniques. In this domain, adapta-
tion to a specific edit policy is crucial to achieve
effective learning and satisfy teachers’ educational
goals. However, such adaptation has been out of
scope in previous studies.

Recent studies show that large language mod-
els (LLMs) such as OpenAI’s ChatGPT (OpenAl,
2023) achieve superior performance than previous
fine-tuned sequence-to-sequence models through
prompt engineering alone, and often generate a
mixture of diverse edit types (Kew et al., 2023;
Heineman et al., 2023). However, the use of closed-
source LLMs in language education is constrained
by limited transparency and controllability. Small-
scale open-source LL.Ms present a more feasible
option, yet adapting them with policy-driven sim-
plification remains challenging. Key obstacles in-
clude: (1) the intrinsic limitations of LLMs, partic-
ularly smaller models, which are strong in overall
quality but insensitive in following specific edit
policies (Barayan et al., 2025); and (2) the scarcity
of policy-specific parallel simplification corpora.
Manual construction of such a parallel corpus is
very expensive. No existing studies provide an
efficient way, in terms of both data and computa-
tional demands, for building simplification models
adapted to predefined edit policies.

Reinforcement learning from human feedback
(RLHF) (Ouyang et al., 2022) has proven effective
for aligning LL.Ms with human values. RLHF lever-
ages human preference data rather than parallel cor-
pora. However, collecting human preferences at
scale is still costly. Alternatively, LLM-Judge can
provide scalable and explainable feedback (Kocmi
and Federmann, 2023; Song et al., 2024; Niu et al.,
2024). Building on this, reinforcement learning
from Al feedback (RLAIF) (Bai et al., 2022) ap-
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pears promising to replace human preference with
preferences generated by off-the-shelf LLMs (Tun-
stall et al., 2023; Cao et al., 2024; Lee et al., 2024).

In this work, we introduce a framework for
policy-aligned simplification that requires neither
parallel corpora nor human supervision, while re-
maining computationally efficient with smaller
LLMs. We design four edit policies for sentence-
and document-level, spanning lexical level, overall
rewriting, and elaboration. Our approach guides
LLM-Judge to generate high-quality preference
data aligned with the edit policies. These data are
then used to fine-tune open-source models, includ-
ing Phi-3-mini-3.8B (Abdin et al., 2024), Qwen2.5-
7B (Qwen Team, 2025), Llama3.1-8B (Grattafiori
et al., 2024), and Qwen2.5-14B (Qwen Team,
2025), via light-weight preference optimization al-
gorithms (Xu et al., 2024, 2025). Our approach sub-
stantially improves the policy alignment capabili-
ties of small-scale LLMs, enabling them to match
or even surpass GPT-5 2, as verified by both auto-
matic simplification metrics and edit-type analysis.

2 Related Work

The standard approach in previous studies has been
supervised training with complex-simple parallel
corpora. While remarkable progress has been
achieved in simplification quality, adaptation to
various policies has been out of the scope for both
sentence and document simplification. Different
from these studies, our method does not depend on
any parallel corpora and achieves flexible adapta-
tion to various edit-policies.

2.1 Sentence Simplification

Martin et al. (2020) showed that simple surface-
level attributes such as sentence length or lexical
difficulty can be controlled through prepended con-
trol tokens to the input. The control of difficulty
levels has also been explored, which aims to sim-
plify sentences to be appropriate for the target au-
dience of the specific proficiency levels (Scarton
and Specia, 2018; Horiguchi et al., 2024; Li et al.,
2025). With the advent of LLMs, prompt-based
techniques have largely surpassed earlier sequence-
to-sequence model-based methods in overall sim-
plification quality (Kew et al., 2023; Wu and Arase,
2026). However, prompting offers limited sensi-
tivity to edit policy adaptation, particularly with
smaller LLMs (Barayan et al., 2025). Recent stud-

>We used gpt-5-2025-08-07 through the OpenAl APIL.

ies aim to improve edit policy alignment via fine-
tuning, however, the policy-specific training signals
still largely depend on human supervision (Gao
et al., 2026).

2.2 Document Simplification

Document simplification has been constrained by
the scarcity, quality, and diversity of copora. Exist-
ing resources are largely based on Simple English
Wikipedia (SEW)? and Newsela (Alva-Manchego
et al., 2020b), but SEW-based data often requires
substantial alignment and can be noisy (Xu et al.,
2015; Laban et al., 2023). Earlier non-LLM ap-
proaches trained on these corpora (Blinova et al.,
2023; Cripwell et al., 2023a; Vasquez-Rodriguez
et al., 2023) show limited performance and general-
ization (Bakker and Kamps, 2024). The task is fur-
ther complicated by the need for coordinated edits
across sentences to preserve coherence and mean-
ing (Wilkens et al., 2020; Visquez-Rodriguez et al.,
2023; Laban et al., 2023). Recent work shows that
LLM-based prompting outperforms earlier non-
LLM systems for document simplification (Fang
et al., 2025; Qiang et al., 2025), and LLM out-
puts can even surpass existing human-written ref-
erences (Qiang et al., 2025). However, it is also
reported that direct prompting often leads to infor-
mation loss and deletion-heavy behavior (Nandi-
raju et al., 2025; Fang et al., 2026).

3 Edit-Policy Aligned Simplification

3.1 Problem Definition

We train a simplification model using a decoder-
only language model 7y parameterized by 6. Let
‘P denote a set of simplification policies and X
be a finite set of source texts, either sentences or
documents. For x € X, let y*(x, p) be the optimal
simplification under a policy p € P. Our goal is to
learn 7y such that

max Exwx[logﬂg(y*(x,p) | a:)] (1)

Because y*(z,p) is latent, prior work approx-
imated it relying on human-written simplifica-
tions and optimized g through supervised fine-
tuning (Scarton and Specia, 2018; Martin et al.,
2020; Cripwell et al., 2023b). In contrast, we build
a preference dataset by LLMs, and optimize 7y
using preference optimization.

Shttps://simple.wikipedia.org/wiki/Main_Page
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Source Johan was also the original bassist of the Swedish
power metal band HammerFall, but quit before
the band ever released a studio album.

Sent- Johan was #aise the original bassist for Hammer-
Overall Fall, a Swedish power metal band. He left before
they released their first studie album.

Sent- Johan was also the original bassist of the Swedish
Lexical power metal band HammerFall, but he left before

they released any studio albums.

Table 1: Sentence simplifications by our model under
two edit policies (Phi-3-mini-3.8B (Abdin et al., 2024)).
We highlight the main simplification edits in each part of
the sentence using different colors. Green: Paraphrasing
Red: Delete  Blue: Structural Change

3.2 Edit Policies

In this study, we focus on L2 education and de-
sign edit policies informed by research on second
language acquisition and language education. All
policies are intentionally differentiated by their edit
priorities rather than by mutually exclusive edit
boundaries, as different edit operations are often in-
terdependent and strict separation may compromise
overall text quality.

3.2.1 Sentence Level Policy

In L2 education, sentence-level simplification is
desired because teachers can easily identify where
and how a text has been modified. Previous work
in both NLP and language education research has
shown that the desired type and degree of simpli-
fication edits change depending on learner pro-
ficiency and readability levels (Agrawal et al.,
2021; Zhong et al., 2020). Specifically, low- to
intermediate-level learners benefit from a combi-
nation of lexical paraphrasing, structural modifica-
tions, and selective deletions to reduce cognitive
load. In contrast, advanced learners benefit from
lexical paraphrasing, which supports vocabulary ac-
quisition (Chen, 2019), but they gain comparatively
less from added cohesion or deletion (Hosoda,
2016; Zhong et al., 2020).

Motivated by these findings, we introduce two
distinct sentence-level edit policies. As illustrated
in Table 1, Sent-Overall simplification often com-
bines lexical paraphrasing and structural modifi-
cations, and deletions to improve readability for
intermediate-level language learners. In contrast,
Sent-Lexical (Paetzold and Specia, 2016; Li et al.,
2025) adheres to the original sentence closely while
supporting more efficient vocabulary acquisition
for advanced learners.

Legos profits rose Lego’s profits increased strongly in the first
v lexical

half of 2014, helped by thanks to the success of its Lego

v lexical

Deletion
Only in the
Movie, movie, "The Lego Movie, which has stormed box source
~elaboration document
offices did well in the US and UK. The Danish toy firms sales
v lexical Insertion
Only in the
simplified
document

semantic deletion
rose across Europe, the Americas and Asia as children snapped

up products linked to the film. The film, released in February,
took more than $250m made over$250million in the US and Unchanged
v lexical
31m $31 million in the UK by the first weekend in April .
¥ format

Edit

Category

The movie It cost about $60m $60 million to make and has

v
anaphora insert format

been described is seen as a near-flawless piece good example ...
v lexical > lexical

Figure 1: Document simplifications by our model under
the Doc-Lexical policy (Llama3.1-8B (Grattafiori et al.,
2024)). Following Laban et al. (2023), we visualize the
edits applied to the source document.

3.2.2 Document Level Policy

Prior work shows that lexical support in con-
text improves comprehension and vocabulary
learning (Chen, 2019; Yanagisawa et al., 2020),
while document comprehension also depends on
discourse-level factors (Horiba, 1996). This sug-
gests that document-level simplification for L2
learners should combine discourse-level rewriting
with lexical support, with greater emphasis on lex-
ical accessibility. Furthermore, as an orthogonal
approach, elaboration is effective to complement
the necessary knowledge to understand a content.
Elaborative edits, i.e., adding clarification and back-
ground information, can help reduce readers’ cogni-
tive load and improve reading comprehension (Oh,
2001; Srikanth and Li, 2021).

Motivated by these findings, we introduce two
document-level edit policies. Doc-Lexical priori-
tizes lexical support (see Figure 1), whereas Doc-
Elaboration places greater focus on elaboration.

3.3 Proposed Method

Figure 2 illustrates the overview of our method,
which consists of three steps as described below.

3.3.1 Step 1: Create Candidate Pool

We begin with a collection of N source texts
X = {x1,22,...,xN}, and use LLMs to gener-
ate candidate simplifications. Diversity is crucial to
effectively distinguish preferred outputs that align
with the target policy from those that deviate from
it. Previous studies have shown that models of
different families and sizes exhibit distinct perfor-
mance and editing behavior (Heineman et al., 2023;
Kew et al., 2023; Wu and Arase, 2026). Motivated
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The event, orchestrated by Stuart Walker, ran for over 20 years
until 2006 and is a running/walking event.

The event, started by Stuart Walker, took place for over 20
years until 2006 and combines running and walking.

u i [ | | 2 Stuart Walker originally orchestrated the event, a running/walking
event that took place for over 20 years until 2006.
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Figure 2: Overview of our sentence-level simplification; the same framework can be applied to the document level.

by this, we construct the candidate pool using a
set of K LLMs, M = M, ..., Mk, varying from
different families and sizes. For each source text
x; € X and policy p, every model M € M gen-
erates one candidate simplification y; i, yielding a
total of K candidates per source text. The simplifi-
cation pool for each x; is defined as:

C(wi) = {wik | Yig ~ Mp(zi,8p)},  (2)

where s, is the natural-language instruction that
describes policy p.

3.3.2 Step 2: LLM-Judge

We employ a reasoning LLM as the judge, se-
lected for its strong performance on complex judge
tasks (Huang et al., 2026). The model follows care-
fully designed guidelines for policies. The corre-
sponding prompts are provided in Appendix A.4.1.

Sentence Level Judgement The Sent-Lexical
policy encourages (a) minimal edits to preserve sen-
tence structure and (b) replacing complex words
with simpler alternatives. The Sent-Overall pol-
icy encourages broader edits at both lexical and
structural levels to enhance simplicity. These nu-
ances can be included in prompts, allowing LLMs
to follow them with ease. The model is guided by
carefully designed principles that specify edit types,
their effects, and associated rewards or penalties.

* Lexical Principles: We define four edit op-
erations: replace, delete, keep, and add. E.g.,
simplifying a complex word receives a high re-
ward, while replacing an already simple word
yields only a moderate reward.

 Structural Principles: Similarly, we define
four edit operations: split, reorder, keep, and
replace. Structural transformations are re-
warded if they improve readability or concise-
ness without changing meaning. Unnecessary
or unhelpful modifications are penalized.

To support these judgments, we provide the lexi-
cal judge with word alignment between the source
and simplifications derived using OTAlign (Arase
et al., 2023) and the structural judge with syn-
tactic parse trees for each sentence extracted us-
ing Qwen3-32B (Yang et al., 2025), respectively.
This evidence-guided design improves judge trans-
parency and generally enhances downstream per-
formance. See Appendix A.5.1 for details.

Document Level Judgement Both of the
document-level policies, Doc-Lexical and Doc-
Elaboration, involve a mixture of edit types, but
differ in the edits they prioritize. Assuming that
it is difficult for users to verbalize the appropriate
compositions of edit types, we introduce an anchor
example for each policy. The use of behavioral
anchors has a long history in human evaluation
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and rating-scale design. Smith and Kendall (Smith
and Kendall, 1963) introduced a procedure for con-
structing rating scales anchored by concrete ex-
amples of expected behavior, which became foun-
dational to Behaviorally Anchored Rating Scales
(BARS). The underlying idea is to make abstract
evaluation criteria more concrete through represen-
tative examples. Inspired by this idea, we use an
anchor example to concretely instantiate the editing
strategy associated with each policy for our LLM-
Judge. Specifically, the anchor illustrates both (a)
which edit categories are typically applied and (b)
how frequently and strongly they are used under the
target policy. To support the decision, we provide
edit information for the anchor using a document-
level edit classifier (Laban et al., 2023). Judges
are then required to compare candidate simplifi-
cations with the anchor and assess how well their
editing strategies align with the target policy, while
also considering document-level qualities such as
coherence and coreference.

Preference data For each source text z; € X,
the LLM-judge selects a preferred candidate yg)
and a dispreferred candidate yl(z) from the candidate
pool C(z;) according to our guidelines G:

This procedure yields a preference dataset D =

(%)

(20, 52,y for each poli
s Yw' Y, s for each policy p.

3.3.3 Step 3: Preference Optimization

Preference optimization has emerged as a powerful
post-training paradigm for aligning LLMs with hu-
man preferences, typically formatted as {input,
preferred output, dispreferred output}.
We adopt Adaptive Rejection Preference Optimiza-
tion (ARPO) (Xu et al., 2025) to optimize my with
our preference dataset D. ARPO is a variant of
memory-efficient Contrastive Preference Optimiza-
tion (CPO) (Xu et al., 2024) designed to miti-
gate its tendency to overly penalize dispreferred
responses that are only marginally worse than pre-
ferred ones. We integrate the Simple Preference
Optimization (SimPO) (Meng et al., 2024) loss into
ARPO to improve the performance.* See Appen-
dices A.1 and A.2 for detailed preliminaries and
experimental settings.

*https://github.com/felixxu/CPO_SIMPO

4 Evaluation

4.1 Preference Data Construction

Candidate Generation We construct the pref-
erence optimization dataset using only the source
side texts from existing simplification corpora. For
sentence-level simplification, we use CoEdit (Ra-
heja et al.,, 2023), which aggregates multiple
existing simplification parallel corpora. For
document-level simplification, we aggregate source
documents of Newsela (Xu et al., 2015)° and
SWiPE (Laban et al., 2023). For each source text,
we collected outputs from four instruction-tuned
LLMs: Qwen2.5-7B, Llama3.1-8B, Phi4-14B, and
Qwen3-32B. Prompts used to generate simplifica-
tions are described in Appendix A.4.2. To ensure
meaningful simplification, we apply heuristic filter-
ing, such as removing very short source texts that
leave little room for editing.

LLM-Judge We selected Qwen3-32B as the
LLM judge based on its strong judging perfor-
mance in our preliminary experiments. Although
Qwen3-32B also serves as a candidate genera-
tion model, we did not observe a consistent ten-
dency for it to prefer its own generations. In the
sentence-level evaluation, the Qwen3-32B judge
in fact prefers outputs from Phi4-14B more fre-
quently. Appendix A.7.1 provides detailed re-
sults and discussion. To mitigate potential posi-
tional bias in LLM-based evaluation (Wang et al.,
2024a), we randomize the presentation order of
generated candidates before passing them to the
judge model. Consequently, for each policy we
obtain a preference dataset consisting of triplets of
the form {source, preferred simplification,
dispreferred simplification}.

Constructed Data The sentence-level dataset
contains 8K triplets, split into 7K for training and
1K for development. For each document-level pol-
icy, we obtained 4K triplets, split into 3.5K training
instances and 500 development instances.

4.2 Evaluation Datasets and Metrics

Sentence-level Datasets and Metrics For Sent-
Lexical policy, we used the Turk test set (Xu et al.,
2016), containing 359 source sentences paired with
8 crowdworker-written simplification references,

>We only used documents from the highest reading level.
Newsela can be requested for academic use at https://
newsela.com/legal/data.
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constructed specifically for lexical-based simplifi-
cation. We accordingly use SARI (Xu et al., 2015)
as the evaluation metric because it explicitly as-
sesses lexical edit (keep, add, delete) quality by
comparing system outputs with both references
and sources. For Sent-Overall policy, we used
the ASSET test set (Alva-Manchego et al., 2020a).
While ASSET shares the same source sentences as
Turk, it differs in its edit policy: more diverse edits,
i.e., paraphrasing, deletion, and sentence splitting.
Each source sentence pairs with 10 crowdworker-
written references. To capture this broader range
of edits, we evaluated with LENS (Maddela et al.,
2023). LENS is trained directly on human ratings
of overall simplicity quality and has shown strong
correlation with overall simplicity quality (Huang
and Kochmar, 2024; Wu and Arase, 2026).

Document-Level Datasets For Doc-Lexical, we
use OneStopEnglish (OSE) (Vajjala and Lucic,
2018), an expert-written document simplification
dataset created for L2 learners. OSE contains 189
source documents, each paired with intermediate-
and elementary-level simplifications. For Doc-
Elaboration, we sample 200 complex—simple doc-
ument pairs (not used in the preference data) from
expert-written Newsela (Xu et al., 2015) (size:
1.9k). Newsela includes simplifications at mul-
tiple reading levels. We use the elementary-level
OSE and the middle-level Newsela as references,
as we found that they consistently require lexical
and elaboration edits while better balance between
meaning preservation and simplicity.

Document-Level Metrics We use Agg-LENS
(Maddela and Alva-Manchego, 2025), a document
simplification metric that shows higher correlation
with human judgments than earlier metrics, e.g.,
D-SARI (Sun et al., 2021). Agg-LENS adapts the
sentence-level LENS metric to the document level
through graph-based alignment. We also report
Agg-BERT from the same study, which shows high
consistency for assessing coherence. Furthermore,
because Agg-LENS is not explicitly designed to
capture the edit policies studied in this work, we
additionally report edit distribution. To do so,
we use an edit-category classifier® (Laban et al.,
2023), which was trained on a large collection of
human-annotated document-level edits. We mea-
sure the percentage of lexical edits for Doc-Lexical
and elaboration edits for Doc-Elaboration. We also

https://github.com/salesforce/simplification

report deletion, as prior work has shown that LLMs
tend to over-delete content (Nandiraju et al., 2025;
Fang et al., 2026). These distributions are then com-
pared with those of the reference simplifications.
Implementation details are in Appendix A.3.1.

4.3 Comparison

We apply preference optimization to four open-
source instruction-tuned LL.Ms for sentence-level
policies, covering different model families and
scales: Phi-3-mini-3.8B (Phi3.8B), Qwen2.5-7B
(Qwen7B), Llama3.1-8B (L1ama8B), and Qwen2.5-
14B (Qwen14B). For document-level, we use
Qwen7B and Llama8B.”

Prior work has shown that LLMs outperform ear-
lier simplification systems on both sentence- and
document-level simplification (Kew et al., 2023;
Wu and Arase, 2026; Qiang et al., 2025). We there-
fore compare our method against LLM-based base-
lines. LLMs are known to be sensitive to prompting.
We evaluate using diverse prompting settings: zero-
shot (zs), few-shot (fs), and iterative feedback
(iter). The zs and fs prompts adhere to policies
and the editing behaviors observed in human ref-
erences (see Appendix A.4.2). Iter combines au-
tomatic evaluation with self-correction: using the
same LLM-Judge and evaluation criteria as in our
framework, we first generate feedback on a model’s
output and then prompt the model to revise its sim-
plification accordingly for two rounds (/fer I and
Iter 2). Prompts for the iter setting are provided in
Figures 15 to 20 (Appendix). We use zs prompts
for all fine-tuned models, while applying multiple
prompting strategies to the vanilla LLMs.

Common Baseline For both sentence- and
document-level simplification, we compare our
method (PO) against the following baseline:

e Base models (Vanilla): Instruction-tuned
LLMs used directly without additional train-
ing. We use zs, fs, and iter prompts.

* GPT-5: A state-of-the-art proprietary LLM
that performs strong on simplification (Wu
and Arase, 2026). We use both zs and fs.

* SFT on human-written corpora (Parallel):
Models fine-tuned on policy-aligned parallel
corpora written by human, representing the

"Phi3.8B supports only a 4K context window, which limits

its applicability to document-level simplification. Training

Qwen14B on long documents is challenging given our avail-
able computational resources.
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scenario where such data is available. We use
dev sets of Turk and ASSET (size: 2k) for
Sent-Lexical and Sent-Overall, respectively.®
For Doc-Elaboration, we use the remaining
1.7k parallel data from Newsela. We do not
include the same setting for Doc-Lexical be-
cause no training data is available.

Sentence-level Baseline To investigate the ef-
fect of our edit-policy-oriented preference opti-
mization corpus created by LLM-Judge, we com-
pare to LENS-SALSA Preference Optimization
(LENS_SALSA). LENS-SALSA (Heineman et al.,
2023) is a simplification metric trained on large-
scale fine-grained human annotations to approxi-
mate LENS scores in a reference-free manner. We
use the LENS-SALSA score to construct the prefer-
ence dataset; candidates with the highest scores are
treated as preferred, whereas those with the lowest
scores are treated as dispreferred.

Document-level Baseline For document-level,
we further compare to AgentSimp (Fang et al.,
2025), an LLM-based multi-agent framework for
document simplification built on ChatGPT and re-
ported to outperform the ChatGPT baseline.’

4.4 Evaluation Results

Results are reported in Tables 2 and 3. Our method
yields consistent gains across edit policies, model
architectures, model sizes, on both sentence- and
document-level simplification. Simplification ex-
amples are in Tables 12 and 13 (Appendix).

Our method enables smaller LLMs to match or
surpass GPT-5. Across all policies, our method
not only surpasses the vanilla models but also
achieves results comparable to or even exceed-
ing GPT-5. At the sentence level, the improve-
ments of Turk-SARI range from +4.5 to +7.8
points under the same zero-shot setting. Even un-
der the Sent-Overall policy, where LLLMs are al-
ready strong due to their capacity for diverse ed-
its, our method remains robust with improvements
ranging from +2.3 to +5.8 points. Remind that
LENS_SALSA is optimized for LENS score, thus
expected to achieve high score on ASSET. In con-
trast, it struggled with the Turk-SARI that requires

8We used only one reference per sentence, as preliminary
experiments showed performance degradation with multiple
references during training.

Because the code and data are not publicly available, we
replicate PLT, the best-performing setting reported in the paper,
using the algorithms and prompts described by the authors.

Model Method Turk-SART ~ ASSET-LENS
GPT-5 z8 41.2 68.1
fs 42.2 70.7
Vanilla-zs 35.5 68.9
Vanilla-fs 42.2 70.0
Phi3.8B Vanilla-iter1 38.9 66.6
Vanilla-iter2 39.8 66.0
Parallel 36.7 69.6
LENS_SALSA 41.8 73.5
PO (Ours) 43.3 71.4
Vanilla-zs 38.0 65.0
Vanilla-fs 41.0 68.4
Qwen7B Vanilla-iter1 39.7 63.7
Vanilla-iter2 40.6 63.6
Parallel 42.4 64.9
LENS_SALSA 41.5 72.5
PO (Ours) 43.7 70.8
Vanilla-zs 39.2 66.9
Vanilla-fs 40.7 70.0
Llama8B Vanilla-iter1 42.4 64.3
Vanilla-iter2 42.8 64.0
Parallel 35.4 68.4
LENS_SALSA 41.7 73.0
PO (Ours) 43.7 70.2
Vanilla-zs 38.7 68.0
Vanilla-fs 42.6 66.5
Qwenl4B  Vanilla-iterl 41.8 64.8
Vanilla-iter2 42.3 65.7
Parallel 40.4 68.4
LENS_SALSA 42.2 72.4
PO (Ours) 43.9 70.3

Table 2: Sentence-level results (bold: the best under
each model group, underline: the second best.)

lexical-oriented simplification. It is remarkable that
our method still achieves comparable performance
against LENS_SALSA on ASSET while outper-
forms it on Turk. A key advantage of our method
is its ability to adapt to different policies simply by
changing the LLM-Judge prompts. The same trend
holds at the document level. On Newsela, both
PO models outperform GPT-5, with Qwen7B im-
proving over vanilla zero-shot prompting by +17.0
and +31.4 on Agg-LENS and Agg-BERT, and
Llama8B by +17.9 and +30.5. On OSE, GPT-5
remains the strongest model, but our method sub-
stantially narrows the gap: Qwen7B gains +12.1
and +22.8, while Llama8B improves by +6.4 and
+16.5, bringing both close to GPT-5.

Prompt engineering is not robust. Prompt en-
gineering alone does not provide consistent gains.
We found that sometimes few-shot prompting can
degrade performance: for example, —1.6 LENS
for Qwenl4B on ASSET, —3.2 Agg-LENS for
Llama8B on OSE. The gains from few-shot prompt-
ing also vary across models: For example, on Turk,
it improves Phi3-3.8B by 6.7 SARI but Llama8B
by only 1.5. On OSE, it improves Qwen7B by
5.4 points on Agg-LENS, but degrades Llama8B.
These suggest that in-context examples can intro-
duce model-specific biases rather than providing re-
liable guidance. Iterative feedback is also unstable.
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OSE Newsela

Model Method LENS BERT LENS BERT
GPT-5 zs 54.7 59.4 33.7 25.4
fs 52.4 56.1 34.9 28.0
Agent-Simp  — 34.0 16.4 44.3 19.9
Vanilla-zs 41.6 27.3 33.7 20.6
Qwen7B Vanilla-fs 47.0 40.0 39.6 34.0
Vanilla-iter1 42.2 28.8 34.7 22.6
Vanilla-iter2 ~ 42.3 29.4 34.8 23.2
Parallel - - 50.9 45.4
PO (Ours) 53.7 50.1 50.7 52.0
Vanilla-zs 47.5 35.0 34.7 25.1
Llama8B Vanilla-fs 44.3 33.6 39.5 33.2

Vanilla-iterl 47.5 35.2 35.4 26.5
Vanilla-iter2 ~ 47.6 35.8 36.2 28.0
Parallel — - 52.4 50.6
PO (Ours) 53.9 51.5 52.6 55.6

(a) Automatic evaluation results. LENS denotes Agg-LENS,
and BERT denotes Agg-BERT.

Model Method OSE-L  OSE-D News-E News-D
human ref - 26.9 47.4 16.9 48.2
GPT-5 zs +104 —21.7 —3.6 +7.0
fs +7.0 —17.8 —3.9 +5.6
Agent-Simp  — —13.9 +5.9 +16.7 —29.1
Vanilla-zs —-11.5  +17.4 -9.0 +24.2
Qwen7B Vanilla-fs —9.2 +9.5 —6.4 +16.7
Vanilla-Iterl —11.4 +16.1 —8.7 +22.7
Vanilla-Iter2 —11.5  +14.9 —8.5 +22.0
Parallel - — —1.5 —2.0
PO (Ours) —2.2 —4.4 —3.0 +5.1
Vanilla-zs —10.6 +8.0 —6.5 +20.1
Llama8B Vanilla-fs —-15.1  +15.5 —6.4 +21.0
Vanilla-Iter]  —10.6 +6.1 —5.5 +17.7
Vanilla-Iter2 ~ —10.7 +5.3 —4.6 +15.7
Parallel - — —0.7 —2.0
PO (Ours) —2.7 —3.6 —2.5 +2.1

(b) Edit percentage difference (%) relative to the human ref
values: values closer to zero indicate better performance.
Values are computed as model minus reference. L: lexical,
D: deletion, E: elaboration

Table 3: Document-level results (bold: the best under
each model group, underline: the second best.)

At the sentence level, it can improve Turk-SARI,
but consistently degrades ASSET-LENS. We find
that iterative feedback tends to make models more
conservative, leading to fewer meaningful simplifi-
cation edits. At the document level, iterative feed-
back brings little to no improvement for either pol-
icy. In contrast, after our preference training, all
models reach consistently strong performance.

LLM-Judge outperforms crowd-sourced paral-
lel corpus. Our method surpasses SFT trained
on the crowd-sourced Turk and ASSET parallel
corpora at the sentence level, while remaining com-
parable with SFT trained on the expert-written
Newsela corpus. Two factors contribute: (1) Scal-
ability: LLM-Judge enables creating large-scale
preference data easily and efficiently, whereas SFT
is constrained by the scale of human efforts. (2)
Quality Control: Human references are not always
consistent and may even be surpassed by advanced
LLMs (Xu et al., 2024; Liu et al., 2024; Qiang
et al., 2025). Appendix A.5.3 further analyzes the
effects of data sizes. Even when trained on the

Model Lex_ P Lex_R Lex_F1

GPT-5zs 0.21 (0.09) 0.36 (0.15) 0.27 (0.11)
GPT-5-fs 0.21 (0.08) 0.33(0.12) 0.26 (0.10)
Agent-Simp 0.22 (0.08) 0.12(0.05) 0.16 (0.06)
Qwen7B_PO  0.25(0.11) 0.24 (0.11)  0.24 (0.11)
Llama8B_PO  0.24 (0.11)  0.21 (0.10)  0.22 (0.10)

(a) OSE

Model Ela_P Ela_R Ela_F1

GPT-5-zs 0.06 (0.02) 0.08 (0.02) 0.07 (0.02)
GPT-5-fs 0.06 (0.01) 0.07 (0.02) 0.07 (0.02)
Agent-Simp  0.04 (0.01) 0.15(0.03) 0.07 (0.02)
Qwen7B_PO  0.11 (0.03) 0.08 (0.02)  0.09 (0.02)
Llama8B_PO  0.11 (0.03) 0.07 (0.02) 0.08 (0.03)

(b) Newsela

Table 4: Precision, recall, and F1 scores of edit patterns
(Lex: lexical edits, Ela: elaboration edits). Scores in
parentheses are exact-matching.

same number of samples (2k / 1.5k), our method
consistently outperforms the Parallel baseline.

PO aligns edit distributions more closely with
human references and reduces over-deletion.
On both OSE and Newsela, our models achieve
edit ratios that closely match those of the human
references. These results indicate that our method
not only improves document-level simplification
quality but also effectively steers model behavior
toward the desired edit policy. Consistent with
prior work (Nandiraju et al., 2025; Fang et al.,
2026), vanilla LLMs tend to over-rely on dele-
tion at the document level. Our method substan-
tially alleviates this tendency. Under the same zero-
shot prompting setting, on OSE, the deletion rate
drops from 64.8% to 43.0% for Qwen7B and from
55.5% to 43.8% for Llama8B, moving both closer
to the human reference of 47.4%. On Newsela,
it decreases from 72.4% to 53.3% for Qwen7B
and from 68.3% to 50.3% for Llama8B, again ap-
proaching the reference value of 48.2%. These im-
provements are also substantially larger than those
achieved by prompting strategies.

4.5 Further Analysis

We evaluate LLMs’ edit patterns by computing pre-
cision, recall, and F1 against human-edit spans. '’
Because semantically equivalent edits sometimes
differ in span boundaries (e.g., ‘air force’ versus
‘air force fields’), we report a soft-matching, in
which two spans are considered as a match when at
least 50% of the words overlap in both spans, in ad-
dition to exact matching. Appendix A.3.2 describes
details of edit span recognition.

1%We evaluate in a single-reference setting (see Section 4.2),
which may have lowered precision, recall, and F1 scores.
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Table 4 shows that our method achieves com-
petitive F1 scores against GPT-5; however, elab-
oration is clearly more challenging than lexical
editing, as reflected in the lower scores on Newsela.
This trend is also consistent with the comparison
against the parallel baseline in Table 3; under the
Doc-Elaboration policy, our method does not out-
perform the baseline trained on the professionally
edited Newsela corpus. Elaboration requires in-
ferring what information to add and how much
explanation is appropriate. Although Agent-Simp
introduces a general-purpose explainer agent, we
find that it often over-explains and adds unneces-
sary details. Together, these results suggest that
effective elaboration requires stronger awareness
of the target reader and more explicit modeling of
pedagogical judgment.

In addition to the analysis above, experiments in
Appendix A.6 demonstrate that our method trans-
fers effectively across domains. Appendix A.5 pro-
vides a detailed ablation study.

5 Conclusion and Future Work

We propose a framework for adapting text simpli-
fication to various edit policies, which is critical
for real-world applications. By leveraging LL.M-
Judge, our method consistently enhances the policy
alignment of small open-source LLMs, achieving
comparable or even higher performance than the
large proprietary LLMs.

Future work could include a thorough human
evaluation to assess whether LLM-generated sim-
plifications meet educational expectations in prac-
tice. Moreover, elaboration remains challenging
as discussed above. Future work could extend our
framework to support finer-grained control by con-
ditioning the LLM judges on target-audience char-
acteristics or reading goals and incorporating ex-
pert knowledge into the judging process.

Limitations

First, although we designed several simplification
policies for L2 education based on prior work in
second language acquisition, their educational ef-
fectiveness remains to be validated in real learning
settings. In particular, it is necessary to deploy
these policies in real educational use and examine
their long-term impact on learners’ comprehension,
vocabulary growth, and reading development.
Second, as discussed in the paper, although our
method can steer model editing behavior toward

the target policy, a gap still remains between model
edits and human edits, especially for elaboration.
This gap likely stems from the inherent natures of
LLMs, which may not always align with how hu-
man experts would perform. Future work could
therefore explore more fine-grained control over
elaboration, for example, by conditioning on learn-
ers’ knowledge background.
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A Appendix

A.1 Preliminaries: Preference Optimization

Preference Optimization (PO) was first popularized
by InstructGPT (Ouyang et al., 2022) using prox-
imal policy optimization (PPO) (Schulman et al.,
2017). However, PPO suffers from instability, high
variance, and complexity, as it requires a reward
model and online reinforcement learning. To ad-
dress these limitations, Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) was proposed as
a lightweight alternative, removing the need for an
explicit reward model.

Building on DPO, Contrastive Preference Opti-
mization (CPO) (Xu et al., 2024) further improves
memory efficiency through a simpler preference
loss combined with a behavior cloning loss, reduc-
ing reliance on a reference model required by DPO.
CPO has been shown to be effective for machine
translation. In parallel, Simple Preference Opti-
mization (SimPO) (Meng et al., 2024) also offers a
reference-free but more stable formulation, incor-
porating length normalization and a target reward
margin. CPO and SimPO can be combined to CPO-
SimPO for improved performance and stability.

In this study, we use ARPO, which is a vari-
ant of CPO designed to mitigate its tendency to
overly penalize dispreferred responses that are only
marginally worse than preferred ones. Following
CPO-SimPO, we also incorporate SimPO into the
ARPO loss. We implemented based on the authors’
implementation'! and paper (Xu et al., 2025). For-
mally, given a policy model 7y and a preference
dataset D consisting of source texts x, preferred
candidates 1,,, and dispreferred candidates y;, we
optimize the objective:

L= —=Eypy)~D [Loet (@, Yw, Y1) + Lo (T, yw)] (4

£pref(x7yw7yl) - IOgU(% 10g71'9(yw | J))

— 70 (Yuw, Y1) - |y’%|10gﬂe(yz | z) *’Y)
Q)

Lec(x,yw) = alog mo(yw | ) (6)

where (3 is a hyperparameter, o is the sigmoid func-
tion. Ty is determined by the similarity between y,,
and y;, ranging from O to 1. |y,,| and |y;| represent

"https://github.com/felixxu/ALMA/tree/master
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the length normalization for the preferred and dis-
preferred candidates, respectively. v denotes the
target reward margin, and Lpc(z, ¥y, ) denotes the
behavior cloning loss.

A.2 Experiment Setting

We used LoRA (Hu et al., 2022) for both PO and
SFT training, with a = 32 and r = 16. For PO,
we set the learning rate to 1le—4. Total batch size
was set to 128 for the sentence level and 4 for the
document level. We set 5 = 0.1 and v = 1.5 for
the SimPO loss (Meng et al., 2024), while « is
fixed to 1. For SFT, we used the LLaMA-Factory
package (Zheng et al., 2024). We set the learning
rate to 2e — 4 for sentence-level training with 1
epoch, and to e — 5 for document-level training
with 3 epochs.

We used the vLLM package (Kwon et al.,
2023)!? for inference with open-source LLMs. We
set the decoding parameters to temperature = 0,
top-p = 1.0, and top-k = —1. For Qwen3-32B
in thinking mode, which was used only for LLM-
Judge, we followed the official settings!® with
temperature = 0.6 and top-p = 0.95. For the
document-level SFT models, we also used temper-
ature = 0.6 and top-p = 0.95 to avoid repetitive
outputs. Sentence-level experiments are on a single
NVIDIA A6000 Ada 48GB GPU. Document-level
experiments are on a single NVIDIA H100 SXM5
94GB GPU.

For OTAlign, we used the supervised setting of
the authors’ implementation'#, using 7 = 0.88
and a threshold of 0.40. SARI was computed
with the EASSE package (Alva-Manchego et al.,
2019). LENS, LENS-SALSA!S, Agg-LENS, and
Agg-BERT were computed with the authors’ im-
plementation.'®

A.3 Implementation of Edit Analysis

In this section, we describe our implementation
of the edit-category distribution and edit-pattern
analysis. All implementations are based on the edit
classifier from Laban et al. (2023).!7

12https://github.com/vllm—project/vllm
13https://huggingface.co/Qwen/Qwen3—3ZB
“https://github.com/yukiar/0TAlign
BShttps://github.com/Yao-Dou/LENS
Yhttps://github.com/cardiffnlp/
document-simplification
"https://github.com/salesforce/simplification

A.3.1 Edit-category Distribution

Given a source document and its simplified version,
the edit classifier assigns each edit to one of 19
fine-grained categories (see the original paper for
details). We group the policy-relevant categories
into three broader edit types for analysis: deletion
(semantic deletion, syntactic deletion, and nonsim
noise deletion), elaboration (semantic elaboration
example, semantic elaboration background, and
semantic elaboration generic), and lexical (lexical
generic and lexical entity). All remaining cate-
gories are kept unchanged. The classifier is based
on RoBERTa-large (Liu et al., 2019) and is limited
to inputs of at most 512 tokens. To process longer
documents, we first align source and simplified sen-
tences using gpt-o0ss-120b (OpenAl, 2025) in a one-
shot setting (Figures 13 and 14). We then merge
aligned sentence pairs into larger chunks whenever
they share a source or simplified sentence, and ap-
ply the classifier to each chunk. Source sentences
with no aligned simplified counterpart are labeled
as deletion.

Because the classifier predicts span-level edits,
raw edit counts are not directly comparable: for in-
stance, deleting a single word and deleting an entire
sentence would each count as one edit. To make
the statistics comparable, we convert predictions to
the word level by assigning each word in a labeled
span or deleted sentence its predicted edit category.
We then compute the proportion of each category
as the number of words assigned to that category
divided by the total number of edited words.

A.3.2 Edit-pattern Analysis

Given a source text and its simplification, the au-
thors’ implementation first derives edit operations
insert, delete, and equal between the two texts,
which indicate how the simplification is performed.
These operations are then converted into a marked
text sequence, where inserted and deleted spans are
wrapped with special boundary tokens. The classi-
fier outputs a category to each inserted or deleted
span.

For comparison, we extract spans as follows: for
Elaboration, we use the inserted span in the sim-
plified text; for Deletion, the deleted span in the
source text; and for Lexical edits, the deleted span
in the source text, since the same complex expres-
sion may be simplified in multiple valid ways. For
each category, we compare spans from the model
output with the human reference and identify cor-
respondences.
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A4 Prompts
A4.1 LLM-Judge

Evaluation guidelines for LLM-Judge are provided
in the system message of the prompts. They include
the task description, the materials provided to the
judge, the evaluation principles, and the required
output format. The sentence-level and document-
level guidelines are shown in Figures 7 and 11, re-
spectively. The sentence-level prompt also includes
three examples (Figures 8, 9, and 10). In each ex-
ample, the input contains a source sentence along
with four simplification candidates, accompanied
by their corresponding word alignments and syntac-
tic parses. The output includes evaluation analysis
and decisions across lexical, structural, and over-
all dimensions, documented by the authors. For
document-level evaluation, the prompt includes
one anchor example for each policy (Table 14).
Each anchor example contains a source document,
a gold simplified document representing the target
policy, and edit information derived from sentence
alignment and the edit classifier (see A.3.1). The
judge model was instructed to make its judgments
referring to the anchor examples while considering
the overall quality of document simplification (e.g.,
coherence and coreference).

A.4.2 Simplification Generation

We use prompts for simplification generation at
three stages: candidate collection, fine-tuning, and
evaluation. The sentence-level prompts are from
a previous study (Wu and Arase, 2026) and illus-
trated in Figure 5. They are carefully designed and
validated on the ASSET and Turk development sets.
Each prompt contains an instruction followed by
three in-context examples, which we employ for
candidate collection. For document-level simplifi-
cation, we design a new set of prompts, shown in
Figure 6, based on edit behaviours observed in hu-
man references from the OSE and Newsela corpora.
Specifically, we use the edit classifier to estimate
the distribution of edit categories in each dataset.
In OSE, deletion is the most frequent edit type,
accounting for about 45% of edits, followed by lex-
ical edits at roughly 25%. In Newsela, deletion is
also the most common edit type, making up around
50% of edits, followed by elaboration accounts for
about 15%. Based on these patterns, we design
prompts that encourage the model to perform the
desired edits while still allowing deletion of less
important information. For fine-tuning and eval-

uation on target LLMs, we only use the system
instruction part of the prompts.

A.4.3 Parse

We use a 1-shot prompt to obtain parses, as
shown in Figure 12. The model receives a sys-
tem prompt specifying the task and a single in-
put—output demonstration to illustrate the expected
format.

A.5 Ablation Study
A.5.1 Evidence-Guided Judge Design

As described in Section 3.3.2, our sentence-level
preference construction adopts an evidence-guided
Judge design. This design provides the LLM-Judge
with human-designed evaluation criteria and exter-
nal linguistic evidence, including word alignments
and parse trees. Rather than asking the judge to
output only best/worst labels, we require it to relate
observed lexical and syntactic edits to explicit re-
ward or penalty principles. This makes preference-
data construction more transparent and traceable,
as users can inspect the judge’s rationale before
the final decision and verify whether the selected
preference pairs are consistent with the intended
edit policy.

To examine whether this design contributes to
the downstream performance, we conduct an abla-
tion study by removing the detailed reward/penalty
criteria, word alignments, and parse information
from the judge input. As shown in Table 5, models
trained on preference data constructed without the
evidence-guided design show performance drops,
especially on ASSET-LENS. This suggests that
evidence-guided judging provides more effective
learning signals for preference optimization, partic-
ularly for improving overall simplification quality.

Manual inspection of a small number of sam-
ples suggests that evidence-guided design helps
the judge place more value on edit-level simplic-
ity changes rather than surface-level fidelity to the
source. Table 6 provides an illustrative example.
With the evidence-guided design, the judge ex-
plicitly rewards candidate O for simplifying the
complex construction “lies in an area known as...
characterized by” into “is in... where... interact,”
and for replacing “producing” with the simpler syn-
onym “causing.” It also penalizes candidate 1 for
reversing the original subject—location relation and
using the less precise verb “meet.” As a result, can-
didate 0 is selected as the best overall candidate and
candidate 1 as the worst. Without the evidence-
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Model Method Turk-SARI  ASSET-LENS
Phi3.8B PO 43.3 71.4
w/o evidence 43.3 69.3
Qwen7B PO 43.7 70.8
w/o evidence 43.7 68.2
Llama8B PO 43.7 70.2
w/o evidence 43.6 68.3
Qwenl4B PO 43.9 70.3
w/o evidence 43.6 67.9

Table 5: Ablation study on the effect of evidence-guided
judge design on simplification performance.

guided design, the judge still detects the major
error in candidate 1, but its analysis is less aligned
with the intended edit policy. In particular, it fa-
vors candidate 2 over candidate 0 mainly because
“frequently” is closer to the source word “frequent,”
even though this choice does not make the sentence
simpler. This leads to a different choice for the best
candidate.

A.5.2 PO vs. SFT on the Preferred
Candidates

Our PO models are trained with both preferred
and dispreferred candidates through preference
optimization. = To examine whether the pre-
ferred responses alone are sufficient for edit-policy
alignment, we conduct an additional ablation,
SFT_Chosen, where models are fine-tuned only
on the preferred responses from the generated pref-
erence pairs. As shown in Table 7, SFT_Chosen
achieves strong performance, confirming the qual-
ity of the selected preferred candidates. At the
sentence level, SFT_Chosen and PO obtain compa-
rable Turk-SARI scores, while PO shows a modest
advantage on ASSET-LENS across all models. At
the document level, PO outperforms SFT_Chosen
under both edit policies. Overall, these results sug-
gest that preference optimization can provide more
stable gains than training only on preferred candi-
dates, especially for document-level simplification.

A.5.3 Training Corpus Size vs. Performance

We investigate how the size of the preference op-
timization dataset affects model performance. For
sentence-level simplification, we sample subsets of
1k, 2k, 3k, and 5k preference pairs from the full 7k
training set. For document-level simplification, we
sample subsets of 1.5k and 2.5k preference pairs
from the full 3.5k training set. All other training
settings are kept fixed.

Policy alignment improves as the preference op-
timization dataset grows. Sentence-level results
are shown in Figure 3, and document-level results
are shown in Figure 4. The overall trend is clear:
performance improves as the training set grows. At
the sentence level, models show substantial gains
once the training size reaches 2k, after which im-
provements become more gradual. One exception
is Qwen7B on Sent-Overall, where performance
drops when the number of samples increases from
2k to 3k, but rises again with further increases in
training size. At the document level, the proportion
of desired edits generally increases with training
size. Interestingly, for the Doc-Elaboration policy,
the two models show different trends from 2.5k to
3.5k: Llama increases its elaboration rate, whereas
Qwen shows a slight decline. Nevertheless, the
Parallel baseline still achieves better performance.
These results suggest that learning to perform elab-
orative edits is more challenging and may require
professionally rewritten simplifications, such as
those in Newsela, to provide more effective super-
vision during training.

A.6 Generalization to Other Domains

To assess our generalisation capability to other
domains, we further evaluated our methods on
sentence-level simplification on an out-of-domain
of Wikipedia (ASSET and Turk).'® Specifically,
we used SimPA, a public-administration dataset
which contains 1,100 original sentences paired
with two types of references: (1) lexical simpli-
fications, and (2) overall simplifications combined
with lexical and syntactic edits. We evaluate our
Sent-Lexical model on the former and the Sent-
Overall model on the latter. We applied our policy
models directly using the same prompts and hy-
perparameters as in the wiki-domain experiments,
without any retraining. Table 8 shows that our
policy models consistently outperform the vanilla
baselines. It clearly demonstrates that the learned
policies are effective across domains.

A.7 Discussion

A.7.1 Qwen3-32B as Candidate Generator,
LLM-Judge, and Parser

Qwen3-32B plays three roles in our pipeline: it
is used as one of the simplification candidate gen-
erators, as the judge model, and as the parser for

8Document-level evaluation was impossible due to the lack
of available corpora.
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Source: Most of the state lies in an area known as Tornado Alley characterized by frequent interaction between cold and warm air masses producing severe weather.

w/ evidence-guided judge

w/o evidence-guided judge

Replaces “lies in an area known as... characterized by”
with “is in... where... interact” (active voice simplifica-
tion) — high reward. “Producing” — “causing” (direct
synonym) — high reward. Retains key terms (“Tornado
Alley,” “air masses,” “severe weather”) — high reward.

Uses “is in Tornado Alley, where cold and
warm air masses often interact, causing se-
vere weather.” The word “often” is a good
substitute for “frequent.” “Causing” is cor-
rect. Lexically accurate.

Flattens the source’s complex participial clause (“charac-
terized by... producing”) into a relative clause (“where...
interact, causing”) — high reward.

Structure is similar, uses “where” clause.
Good.

Reverses subject-relationship (“Tornado Alley is located
in the state” vs. original focus on “most of the state lies in
Tornado Alley”) — moderate penalty. Replaces “interac-
tion” with “meet” (less precise) — moderate penalty.

Changes the structure a bit. Says Tornado
Alley is located in the state, which might be a
slight misrepresentation. Also, “meet” is less
precise than “interact.”” Maybe not as good
lexically.

Inverts subject-object relationship, creating a less intuitive
focus (Tornado Alley as subject) — high penalty. Adds
“located in” (redundant phrasing) — moderate penalty.

Changes the subject to Tornado Alley, which
might not follow the original structure as
closely. Structural change.

Identical to O except “often” — “frequently” (synonym
with no simplification) — neutral.

Similar to O but uses “frequently interact”
instead of “often interact.” “Frequently” is
closer to the original’s “frequent.” So maybe
better than 0.

Same structure as 0 — high reward.

Same as 0, maybe better with “frequently
interact.”

Replaces “interaction” with “clashes” (slightly more vivid
but not simpler) — moderate penalty. “Create” is simpler
than “producing” — high reward.

Uses “clashes between cold and warm air
masses that create severe weather.” “Clashes”
is a bit more vivid but might not be as pre-
cise as “interaction.” “Create” is correct, but

“clashes” could be a lexical issue.

ID  Candidate Aspect
0 Most of the state is in Tornado Alley, Lexical
where cold and warm air masses often
interact, causing severe weather.
Structural
1 Tornado Alley is located in the state  Lexical
where cold and warm air masses fre-
quently meet and cause severe weather.
Structural
2 Most of the state is in Tornado Al- Lexical
ley, where cold and warm air masses
frequently interact, causing severe
weather.
Structural
3 Most of the state is in Tornado Alley, Lexical
an area known for frequent clashes be-
tween cold and warm air masses that
create severe weather.
Structural

Adds an appositive phrase (“an area known for...”) that
increases nesting slightly — moderate penalty.

More complex structure with “an area known
for...” which adds a bit more. Maybe more

complex than needed.

Table 6: Comparison of lexical and structural judge analyses with and without evidence-guided judge design.
The analyses are taken from the model output before the final judgments. Final judgments (best/worst) for w/
evidence-guided judge were Lexical: 0/1, Structural: 0/1, Overall: 0/1, while for w/o evidence-guided judge were

Lexical: 2/1, Structural: 0/1, Overall: 2/1.

Model Method Turk-SARI  ASSET-LENS
Phi3.8B SFT_Chosen 43.2 69.8
PO 43.3 71.4
Qwen7B SFT_Chosen 43.7 70.1
PO 43.7 70.8
Llama8B SFT_Chosen 43.9 70.0
PO 43.7 70.2
Qwenl4B  SFT_Chosen 43.9 70.2
PO 43.9 70.3

(a) Sentence-level

OSE Newsela
Model Method LENS BERT LENS BERT
Qwen7B  SFT_Chosen 50.3 42.5 50.5 51.5
PO 53.7 50.1 50.7 52.0
Llama8B  SFT_Chosen 54.6 49.6 51.7 51.9
PO 53.9 51.5 52.6 55.6

(b) Document-level

Table 7: Comparison of preference optimization and
SFT on our preference data.

producing parse-tree information. In this section,
we first clarify the motivation for this design and
then empirically examine whether its circulation
usage introduces systematic bias.

Qwen3-32B is included as a simplification candi-
date because of its strong simplification perfor-
mance. We use multiple LLMs with different ar-

Model Method L-SARI  O-LENS
maw Joen sen ol
oo o mn B
s Yo AT B
ot Jon 7T BT

Table 8: Out-of-domain evaluation results on SimPA.
We report results for two policy types: Sent-Lexical (L)
and Sent-Overall (O).

chitectures and parameter scales, including Qwen,
Phi, and Llama, to increase the diversity of sim-
plification candidates and reduce dependence on a
single model family !°. In preliminary experiments,
we evaluated several larger open-source LLMs that
could be run locally within our computational envi-
ronment, including Gemma3-27B (Gemma Team

!“The inclusion of outputs from models that are also used
for training, namely Qwen2.5-7B and Llama3.1-8B, is mo-
tivated by prior work showing that self-generated outputs
can provide useful learning signals for preference optimiza-
tion (Chen et al., 2024; Wang et al., 2024b).
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Figure 3: Impact of training sample size in sentence simplification. Colored lines show models trained on our
preference data; colored triangles show models trained on 2k human-written parallel data. Overlap in triangles is
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Figure 4: Impact of training sample size in document simplification.

et al., 2025), OSS-20B (OpenAl, 2025), and Aya-
Expanse-32B (Dang et al., 2024). Among these
models, Qwen3-32B achieved the strongest overall
simplification performance. Under the same few-
shot prompting setting, Qwen3-32B outperformed
the other candidate models on both Turk and AS-
SET, as shown in Table 9. We therefore include
Qwen3-32B as one of the simplification candidate
models, expecting it to enrich the candidate pool
with higher-quality simplifications.

Qwen3-32B is selected as the judge due to its
strong judge ability. The choice of judge model
is critical for constructing reliable preference data
that aligns with the target edit policies. We compare
Qwen3-32B and Gemma3-27B as judge models by
using the preference data selected by each model to

train downstream models, while keeping all other
settings unchanged. As shown in Table 10, mod-
els trained on Qwen3-32B-selected preference data
consistently outperform those trained on Gemma3-
27B-selected data, particularly at the document
level. These results suggest that Qwen3-32B pro-
vides higher-quality preference annotations for our
setting, which in turn improves downstream editing
performance.

Qwen-generated parse trees do not bias the
judge toward Qwen3-32B outputs. We exam-
ine whether using Qwen3-32B to generate parse-
tree information biases the judge toward Qwen3-
32B outputs. We conduct an ablation study in
which only the parse-tree information is removed,
while all other components remain unchanged. If
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Model Turk-SARI ~ ASSET-LENS
Gemma3-27B 39.5 67.9
0SS-20B 41.7 66.3
Aya-Expanse-32B 40.4 67.5
Qwen3-32B 43.0 71.0

Table 9: Comparison of larger open-source LLMs under
the same few-shot prompting setting.

Model Method Turk-SARI  ASSET-LENS
Phi3.8B PO_Gemma 42.9 70.5
PO_Qwen 43.3 71.4
Qwen7B PO_Gemma 43.2 70.2
PO_Qwen 43.7 70.8
Llama8B PO_Gemma 42.9 69.5
PO_Qwen 43.7 70.2
Qwenl4B  PO_Gemma 43.1 70.0
PO_Qwen 43.9 70.3
(a) Sentence-level
OSE Newsela
Model Method LENS BERT LENS BERT
Qwen7B  PO_Gemma  50.7 45.6 49.1 49.0
PO_Qwen 53.7 50.1 50.7 52.0
Llama8B PO_Gemma 51.9 47.7 51.1 52.4
PO_Qwen 53.9 51.5 52.6 52.6

(b) Document-level

Table 10: Comparison between Gemma3-27B and
Qwen3-32B as the judge.

Qwen-generated parse trees induced a preference
for Qwen3-32B outputs, we would expect the pref-
erence fraction of Qwen3-32B to increase when
parse-tree information is included. However, we
observe the opposite pattern as shown in Table 11.
Adding parse-tree information slightly decreases
the preferred fraction of Qwen3-32B in both Sent-
Lexical and Sent-Overall settings: from 32.2%
to 31.9% and from 29.6% to 28.8%, respectively.
This indicates that the use of Qwen-generated parse
trees does not lead the judge to favor Qwen3-32B
outputs.

Qwen3-32B as the judge does not systematically
favor its own simplification outputs. We exam-
ine whether using Qwen3-32B as both the judge
and one of the candidate generators introduces
model-selection bias. If the judge systematically fa-
vored its own generations, we would expect outputs
generated by Qwen3-32B to dominate the selected
candidates across edit policies. To test this, we
analyze the model-wise distribution of preferred
candidates selected by Qwen3-32B. As shown in
Table 11, the preferred fraction of Qwen3-32B out-
puts ranges from 28.8% to 44.2% across policies,
and Qwen3-32B is not consistently the most fre-

quently selected candidate model. For example,
Phi4-14B is selected more often than Qwen3-32B
under both sentence-level policies and also receives
high preferred fractions in the document-level set-
tings. These results suggest that Qwen3-32B, when
used as the judge, does not simply select its own
outputs by default.

A.7.2 Model Outputs vs. Human

To better understand the discrepancies between edit
patterns in PO model outputs and human references
discussed in Section 4.5, we manually examined
a small set of examples. The case analysis shows
that human references and PO model outputs often
differ in both what they simplify and how they sim-
plify it. For example, human references sometimes
simplify domain-specific terms, while PO models
tend to preserve them. PO models also often para-
phrase the surrounding context more broadly than
human references. An illustrative example from
the Doc-Lexical policy is shown below.

Source: ...the 1961 Single Convention on Narcotic
Drugs, the framework that governs interna-
tional drugs policy...

Human: ...the 1961 Convention on Drugs, the
agreement that controls international drugs
policy...

Qwen7B: ...the 1961 Single Convention on Nar-
cotic Drugs, which sets rules for international
drug policy...

Llama8B: ...the 1961 Single Convention on Nar-
cotic Drugs, which is the main rule for inter-
national drug policy...

The human reference simplifies the domain-
specific term 1961 Single Convention on Narcotic
Drugs to 1961 Convention on Drugs, while both
PO models preserve the full term. The human ref-
erence also makes localized lexical substitutions,
such as framework — agreement and governs —
controls. In contrast, the PO models paraphrase
the surrounding phrase more broadly, using expres-
sions such as sets rules for and is the main rule
for. These differences can reduce measured span
overlap, even when the model outputs constitute
valid simplifications.
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Model Sentence-level Document-level

w/o Parse w/ Parse Doc-Lexical Doc-Elaboration
Sent-Lexical Sent-Overall Sent-Lexical Sent-Overall
Qwen2.5-7B 24.0/22.3 25.0/22.9 22.9/22.3 25.1/22.2 19.5/17.3 21.1/15.5
Llama3.1-8B 12.1/50.5 14.3/48.7 13.2/49.9 13.7/48.8 5.9/63.1 6.4/68.3
Phi4-14B 31.6/12.1 31.2/11.3 32.0/12.3 32.5/11.4 30.3/12.3 30.5/10.2
Qwen3-32B 32.2/15.0 29.6/17.2 31.9/15.5 28.8/17.6 44.2/7.2 42.0/6.0

Table 11: Preference distribution under the Qwen3-32B judge. Each value is reported as preferred/dispreferred ratio.
For sentence-level criteria, we also report ablation results without parse-tree information.

System:
You are required to simplify the original sentence by using simpler concepts, words, or
phrases. Pleasekeep the meaning the same. Only provide one result.

User:

San Francisco Bay is located in the U.S. state of California, surrounded by a
contiguous region known as the San Francisco Bay Area, dominated by the large cities
San Francisco, Oakland and San Jose.

Assistant:

San Francisco Bay is located in the U.S. state of California, surrounded by a
contiguous region known as the San Francisco Bay Area, influenced by the large cities,
San Francisco, Oakland and San Jose.

User:
The book chronicles events which take place in the fictional space colony of Windhaven.

Assistant:
The book chronicles events which take place in the space colony of Windhaven.

User:
Some academic journals do refer to Wikipedia articles, but are not elevating it to the
same level as traditional references.

Assistant:
Some academic journals do refer to Wikipedia articles, but are not using it to the same
level as common references.

User:
{Input}

(a) Sent-Lexical
System:
You are required to simplify the original sentence by applying different
transformations. Please keep the meaning the same. Only provide one result.

User:
Rollins retired in 1962 and opted to become a coach.

Assistant:
Rollins retired in 1962. He then chose to become a coach.

User:
Tourism is concentrated in the mountains, particularly around the towns of Davos /
Arosa, Laax and St. Moritz / Pontresina.

Assistant:
Tourism takes place in the mountains around the towns of Davos / Arosa, Laax and St.
Moritz / Pontresina.

User:

First Fleet is the name given to the 11 ships which sailed from Great Britain on 13 May
1787 with about 1,487 people to establish the first European colony in New South Wales.
Assistant:

11 ships sailed from Great Britain on 13 May 1787 carrying about 1,487 people. These
ships aimed to establish the first European colony in New South Wales. These 11 ships
were named First Fleet.

User:
{Input}

(b) Sent-Overall

Figure 5: Prompts used for sentence-level simplification generation (from Wu and Arase (2026)).
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Model

Sentence

Source 1

Phi3B-Lexical

Phi3B-Overall

Qwen7B-Lexical

Qwen7B-Overall

Llama8B-Lexical

Llama8B-Overall

Qwenl14B-Lexical

Qwen14B-Overall

One side of the armed conflicts is composed mainly of the Sudanese military and the Janjaweed, a
Sudanese militia group recruited mostly from the Afro-Arab Abbala tribes of the northern Rizeigat region
in Sudan.

One side of the armed conflicts is mainly made up of the Sudanese military and the Janjaweed, a Sudanese
militia group mostly recruited from the Afro-Arab Abbala tribes in the northern Rizeigat region of Sudan.
The armed conflicts involve the Sudanese military and the Janjaweed, a Sudanese militia group mostly
made up of the Afro-Arab Abbala tribes from the northern Rizeigat region in Sudan.

One side of the armed conflicts is mainly made up of the Sudanese military and the Janjaweed, a Sudanese
militia group mostly from the Afro-Arab Abbala tribes in the northern Rizeigat region of Sudan.

One side of the armed conflicts includes the Sudanese military and the Janjaweed, a militia group from
the northern Rizeigat region.

One side of the conflicts is made up mainly of the Sudanese military and the Janjaweed, a militia group
from the Afro-Arab Abbala tribes in northern Sudan.

One side of the armed conflicts includes the Sudanese military and the Janjaweed, a militia group from
the northern Rizeigat region, mostly from the Afro-Arab Abbala tribes.

One side of the conflict is made up mainly of the Sudanese military and the Janjaweed, a Sudanese militia
group mostly recruited from the Afro-Arab Abbala tribes in the northern Rizeigat region of Sudan.
One side of the armed conflicts includes the Sudanese military and the Janjaweed, a Sudanese militia
group from the northern Rizeigat region.

Source 2

Phi3B-Lexical

Phi3B-Overall

Qwen7B-Lexical

Qwen7B-Overall

Llama8B-Lexical

Llama8B-Overall

Qwenl14B-Lexical

Qwenl14B-Overall

The spacecraft consists of two main elements: the NASA Cassini orbiter, named after the Italian-French
astronomer Giovanni Domenico Cassini, and the ESA Huygens probe, named after the Dutch astronomer,
mathematician and physicist Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter, named after Italian-French astronomer
Giovanni Domenico Cassini, and the ESA Huygens probe, named after Dutch astronomer, mathematician,
and physicist Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter and the ESA Huygens probe.

The spacecraft has two main parts: the NASA Cassini orbiter, named after the Italian-French astronomer
Giovanni Domenico Cassini, and the ESA Huygens probe, named after the Dutch astronomer, mathe-
matician, and physicist Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter, named after Giovanni Domenico Cassini,
and the ESA Huygens probe, named after Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter, named after Italian-French astronomer
Giovanni Domenico Cassini, and the ESA Huygens probe, named after Dutch astronomer, mathematician,
and physicist Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter, named after Giovanni Domenico Cassini,
and the ESA Huygens probe, named after Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter, named after the Italian-French astronomer
Giovanni Domenico Cassini, and the ESA Huygens probe, named after the Dutch astronomer, mathe-
matician, and physicist Christiaan Huygens.

The spacecraft has two main parts: the NASA Cassini orbiter, named after Giovanni Domenico Cassini,
and the ESA Huygens probe, named after Christiaan Huygens.

Source 3

Phi3.8B-Lexical
Phi3.8B-Overall

Qwen7B-Lexical
Qwen7B-Overall

Llama8B-Lexical
Llama8B-Overall

Qwenl14B-Lexical
Qwenl14B-Overall

Each entry has a datum (a nugget of data) which is a copy of the datum in some backing store.

Each entry has a piece of data (a nugget of data) that is a copy of the data in some storage.
Each entry has a piece of data that is a copy from a storage.

Each entry has a datum, which is a copy of the data from some storage.
Each entry has a copy of the data from a backing store.

Each entry has a copy of the data from the backing store.
Each entry has a copy of the data from a backing store.

Each entry has a piece of data that is a copy of the data in a backup storage.
Each entry is a copy of a datum from a backing store.

Table 12: Examples of Sent-Lexical and Sent-Overall simplifications by our models.
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Model Document

Source 1 Dame Sally Davies, the Chief Medical Officer for England, has likened the problem of antibiotic resistance
to the risks presented by international terrorism. While this might sound like an exaggeration, the threat
was actually, if anything, understated. Each year, the global number of deaths to which bacterial resistance
contributes far outstrips those caused by terrorist attacks. While it is difficult to track the global impact of
antibiotic resistance across all bacterial species, the World Health Organization estimates that for tuberculosis
alone multi-drug resistance accounts for more than 150,000 deaths each year. Antibiotic resistance is no longer
an abstract risk: this is now a war. In the past hundred years, our expectations of life and survival have changed
beyond all recognition...

Qwen7B- Dame Sally Davies, the Chief Medical Officer for England, has compared the threat of antibiotic resistance

Lexical to international terrorism. This comparison is not an exaggeration; the problem is even more serious than it
might seem. Each year, the number of deaths caused by antibiotic-resistant bacteria is much higher than those
caused by terrorist attacks. While it’s hard to track the global impact of antibiotic resistance, the World Health
Organization estimates that multi-drug resistant tuberculosis alone causes more than 150,000 deaths annually.
Antibiotic resistance is no longer just a potential risk; it’s a real and urgent threat. In the past century, our
expectations of life and survival have changed dramatically...

Llama8B- Dame Sally Davies, the Chief Medical Officer for England, has compared the problem of antibiotic resistance

Lexical to the risks of international terrorism. While this might seem like an exaggeration, the threat is actually more
serious. Each year, the number of deaths caused by bacterial resistance is much higher than those caused by
terrorist attacks. The World Health Organization estimates that for tuberculosis alone, multi-drug resistance
causes more than 150,000 deaths each year. Antibiotic resistance is no longer just a risk; it’s a real war. In the
past hundred years, our expectations of life and survival have changed dramatically...

Source 2 Standing at the edge of space above the deserts of New Mexico, Felix Baumgartner paused slightly. It was a
small step away from the capsule, but a 24-mile drop back down to Earth. Our guardian angel will take care
of you, said mission control, and the man known as Fearless Felix jumped. Ten heart-stopping minutes later
the Austrian landed back on Earth, after reaching speeds of up to 725mph, and breaking three world records,
including becoming the worlds first supersonic skydiver by breaking the sound barrier at Mach 1.24. We love
you Felix, cheered the control room as his mother, Ava Baumgartner, wept. Baumgartner, who claimed the
records for the highest altitude manned balloon flight and the highest altitude skydive, raised his arms in a
victory salute to thank his team...

Qwen7B- Felix Baumgartner stood at the edge of space above the deserts of New Mexico. He was about to jump from a

Lexical capsule 24 miles above the Earth. Mission control said, "Our guardian angel will take care of you." Baumgartner
jumped. Ten minutes later, he landed safely on Earth, having reached speeds of up to 725 mph and breaking
three world records, including becoming the first supersonic skydiver by breaking the sound barrier at Mach
1.24. The control room cheered, and Baumgartner’s mother, Ava Baumgartner, cried. He raised his arms in a
victory salute to thank his team...

Llama8B- Felix Baumgartner, known as Fearless Felix, stood at the edge of space above the deserts of New Mexico. He

Lexical was about to jump from a capsule 24 miles above the Earth. Mission control told him, "Our guardian angel
will take care of you." Felix jumped, and 10 minutes later, he landed back on Earth, reaching speeds of up
to 725mph. He broke three world records, including becoming the first person to break the sound barrier in
free-fall. The control room cheered, and his mother, Ava Baumgartner, cried. Felix raised his arms in a victory
salute to thank his team...

Source 3 A major international row with wide-ranging 1 implications for global drugs policy has erupted over the right
of Bolivias indigenous Indian tribes to chew coca leaves, the principal ingredient in cocaine. Bolivia has
obtained a special exemption from the 1961 Single Convention on Narcotic Drugs, the framework that governs
international drugs policy, allowing its indigenous people to chew the leaves. Bolivia had argued that the
convention was 2 in opposition to its new constitution, adopted in 2009, which obliges it to protect native
and ancestral coca as cultural patrimony and maintains that coca in its natural state is not a narcotic. South
American Indians have chewed coca 3 leaves for centuries...

Qwen7B- A big international argument has started over the right of Bolivia’s indigenous people to chew coca leaves,

Lexical which are used to make cocaine. Bolivia has asked to be allowed to keep this tradition because it is part of their
culture. The 1961 Single Convention on Narcotic Drugs, which sets rules for international drug policy, usually
doesn’t allow this. But Bolivia got a special permission to let its indigenous people chew the leaves. This is
because their new constitution, from 2009, says they should protect coca as part of their culture and says coca
in its natural form is not a drug.South American Indians have chewed coca leaves for centuries...

Llama8B- A big international argument has started about the right of Bolivia’s indigenous people to chew coca leaves,

Lexical which are the main ingredient in cocaine. Bolivia has asked for a special exception from the 1961 Single
Convention on Narcotic Drugs, which is the main rule for international drug policy. This rule says that coca
leaves are illegal, but Bolivia says that in its natural state, they are not a drug and are important to its culture.
The country’s new constitution, adopted in 2009, says that coca is a part of its cultural heritage and should be
protected. South American Indians have been chewing coca leaves for centuries, and they are...

Table 13: Examples of Doc-Lexical simplifications by our models. Documents are truncated for readability.
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Content

Source Unveiling a car with a top speed of 25mph, two seats, and no pedals or steering wheel might not make
much of an impression at a motor show. But Google, in the US, sent a minor earthquake through the car
and taxi industries as it unveiled the latest version of its driverless car. The electrically powered vehicle,
which Google has begun testing around its headquarters in Mountain View, California, dispenses with
all the normal controls, including foot pedals. Instead, it has a smartphone app that summons it and
tells it the destination, and a single STOP button mounted between the two front-facing seats in case
the occupants need to override the computer. [fruncated]

Simplified A car with a maximum speed of 25 miles per hour, two seats, and no pedals or steering wheel does not
sound very interesting. But Google, in the US, shocked the car and taxi industries when it unveiled
the latest version of its driverless car. Google has begun testing the electric car at its headquarters in
Mountain View, California. The car does not have the normal controls, such as foot pedals. Instead, it
has a smartphone app that calls it and tells it the destination, and a STOP button between the two seats
in case the passengers need to override the computer. [truncated]

Edit Category Lexical Generic Location 1
“source”: “Unveiling a car with a top ... at a motor show.”
“simplified”: “A car with a maximum ... very interesting.”
“edit”: “A” +— “Unveiling a”; “maximum” < “top”; ... [truncated]
... [truncated]
Location 21
“source”: “The company points out that ... due to human error.”
“simplified”: “The company says that ... by human mistakes.”

99, <

“edit”: “says” < “points out”; “mistakes” < “error”

Nonsim Format Location 1
“source”: “Unveiling a car with ... at a motor show.”
“simplified”: “A car with a maximum ... very interesting.”
“edit”: “25 miles per hour” <— “25mph”; ... [truncated]

Discourse Reordering Location 1
“source”: “The electrically powered vehicle, which Google has begun testing
around its headquarters in Mountain View, California, dispenses with all the
normal controls, including foot pedals.”
“simplified”: “Google has begun testing the electric car at its headquarters in
Mountain View, California.”
“edit”: “The electrically powered vehicle, which”; ... [truncated]

... [truncated]

Table 14: Anchor example for Doc-Lexical policy used in the prompt for LLM-Judge. This example is a held-out
sample from the OSE dataset. For readability, we truncate each field because the documents and edit annotations
are very long.
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System:
You are required to simplify the original document.
Simplify the document by:
- Mainly focus on lexical simplification: replace complex words/phrases with simpler equivalents.
Remove only minor redundancies if needed.
- Preserve the content as much as possible.
Allow discourser reordering when it improves clarity.
- Output a single simplified document.

User:

Unveiling a car with a top speed of 25mph, two seats and no pedals or steering wheel might not make much of an
impression at a motor show. But Google, in the US, sent a minor earthquake through the car and taxi industries
as it unveiled the latest version of its driverless car. The electrically powered vehicle, which Google has
begun testing around its headquarters in Mountain View, California, dispenses with all the normal controls,
including foot pedals. Instead ...

Assistant:

A car with a maximum speed of 25 miles per hour, two seats and no pedals or steering wheel does not sound very
interesting. But Google, in the US, shocked the car and taxi industries when it unveiled the latest version of
its driverless car. Google has begun testing the electric car at its headquarters in Mountain View, California.
The car does not have all the normal car controls, such as foot pedals. Instead ...

User:

Not just the identity of the man in the car park with the twisted spine, but the appalling last moments and
humiliating treatment of the naked body of Richard III in the hours after his death have been revealed at an
extraordinary press conference at Leicester University. There were cheers when Richard Buckley, Lead
Archaeologist on the hunt for the kings body ...

Assistant:

A team at Leicester University has told the world that the body they found under a local car park is the body
of King Richard III. There were cheers when Richard Buckley, leader of the team of archaeologists, finally said
that they were certain they had found the body of the king ...

User:

Clay Cockrell is sitting in his of ce at Columbus Circle, across the street from 1 Central Park West, which
houses Trump International Hotel and Tower. In front of the tower is Central Park, where Cockrell holds his
popular walk and talk therapy sessions. Cockrell, a former Wall Street worker turned therapist, spends large
parts of his days walking through Central Park or the Battery Park in downtown Manhattan near Wall Street, as a
con dant and counsellor to some of New Yorks wealthiest people ...

Assistant:

Clay Cockrell is sitting in his of ce opposite the Trump International Hotel and Tower. In front of the tower
is Central Park, where Cockrell holds his popular walk and talk therapy sessions. Cockrell is a former Wall
Street worker who is now a therapist. He spends large parts of his days walking in Central Park or the Battery
Park in downtown Manhattan near Wall Street, talking to some of New Yorks wealthiest people ...

User:
{Input}

(a) Doc-Lexical

System:

You are required to simplify the original document.

Simplify the document by:

Delete less important details to enhance readability.

Add brief clarifications when helpful (light elaboration).

- Keep the main content.

Replace complex words/phrases with simpler equivalents if needed.
- Allow discourser reordering when it improves clarity.

- Output a single simplified document.

User:
{Example Input 1}

Assistant:
{Example Output 1}

User:
{Example Input 2}

Assistant:
{Example Output 2}

User:
{Example Input 3}

Assistant:
{Example Output 3}

User:
{Input}

(b) Doc-Elaboration

Figure 6: Prompts used for document-level simplification generation. The instructions are designed to reflect the
reference editing behavior observed in the OSE and Newsela corpora.
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You will be provided with the following:
A source sentence.
Four simplified versions of the source sentence (0, 1, 2, and 3)
Word alignments between the source and each simplified sentences, structured as:
words in the source sentence with indices.
words in the simplified sentence with indices.
word alignments following the format: sourceIndex_sourceWord-
simplifiedIndex_simplifiedWord
Penn Treebank-style parses for the source and each simplified sentence.

Your task: Act as an evaluation system, choose the best and the worst among four
simplified sentences. Analyze each simplified sentence across three aspects:
Lexical: Refer to word alignments.
Structural: Refer to the parse trees.
Overall: Consider both lexical and structural aspects.
Follow the evaluation principles strictly.

Lexical Evaluation Principles:

Replacing difficult words with easier ones without changing the meaning, or only
slightly changing it. » High reward

Replacing easy words with even simpler ones without changing the meaning, or only
slightly changing it. - Moderate reward

Replacing words with more complex ones - High penalty

Replacing words in a way that significantly changes the original meaning - High
penalty

Deleting unimportant difficult words - Moderate reward

Deleting easy words - Moderate penalty

Deleting important information - High penalty

Deleting, replacing, or omitting important named entities - High penalty

Retaining difficult words - Moderate penalty

Adding new complex words - High penalty

Structural Evaluation Principles:
Simplifying difficult structures -» High reward
Simplifying easy structures -» Moderate reward
Using more difficult structures - High penalty
Splitting long sentences - High reward
Reordering for clarity -» High reward
Edits that do not contribute to simplicity or clarity - Moderate penalty
Retaining difficult structures -» High penalty

Output Instructions:

For each aspect (Lexical, Structural, Overall), return:

Aspect: {Lexical / Structural / Overall}, Best: {0, 1, 2 or 3}, Worst: {0, 1, 2 or
3}

Strictly follow the above format and do not include any extra symbols.

For the lexical and structural aspect, also provide the analysis of each simplified
sentence during your evaluation.

Figure 7: Sentence-level evaluation guidelines provided to the judge LLM
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Source sentence: We'll slip you through with our cloaking device.
0: With our cloaking devices, we can slip by you.

1: We will hide you using our cloaking device.

2: We can let you go with our cloaking device.

3: We'll cloak you with our device.

0 alignment:

O_we'll 1_slip 2_you 3_through 4_with 5_our 6_cloaking 7_device.

0_with 1_our 2_cloaking 3_devices, 4_we 5_can 6_slip 7_by 8_you.

0_we'll-4_we 1_slip-6_slip 3_through-7_by 4 _with-0_with 5_our-1_our 6_cloaking-
2_cloaking 7_device.-8 you.
1 alignment:

0_we'll 1_slip 2_you 3_through 4_with 5_our 6_cloaking 7_device.

0_we 1_will 2_hide 3_you 4_using 5_our 6_cloaking 7_device.

0_we'll-0_we ©_we'll-1_will 1_slip-2_hide 2_you-3_you 4_with-4_using 5_our-5_our
6_cloaking-6_cloaking 7_device.-7_device.
2 alignment:

0_we'll 1_slip 2_you 3_through 4_with 5_our 6_cloaking 7_device.

0_we 1_can 2_let 3_you 4_go 5_with 6_our 7_cloaking 8_device.

0_we'll-0_we 1_slip-2_let 2_you-3_you 3_through-4_go 4 _with-5_with 5_our-6_our
6_cloaking-7_cloaking 7_device.-8_device.
3 alignment:

0_we'll 1_slip 2_you 3_through 4_with 5_our 6_cloaking 7_device.

0_we'll 1_cloak 2_you 3_with 4_our 5_device.

0_we'll-0_we'll 1_slip-1_cloak 2_you-2_you 4_with-3_with 5_our-4_our 7_device.-
5_device.

Source parse:

(S \n (NP (PRP We))\n (VP\n (MD '11)\n (VP\n (VB slip)\n (NP (PRP you))\n (PP\n
(IN through)\n (PP\n (IN with)\n (NP\n (NP (PRP$ our) (NN cloaking) (NN device))))))\n
(CEE)

0 parse:

(S \n (PP (IN With) \n (NP (PRP$ our) (NNS cloaking) (NNS devices)))\n (, ,)\n (NP
(PRP we))\n (VP (MD can) \n (VP (VB slip) \n (PRT (RP by)) \n (NP (PRP you))))\n (. .))
1 parse:

(S \n (NP (PRP We)) \n (VP \n (MD will) \n (VP \n (VB hide) \n (NP (PRP you)) \n
(PP \n (VBG using) \n (NP \n (PRP$ our) \n (NN cloaking) \n (NN device)))))\n (. .))

2 parse:

(S \n (NP (PRP We)) (VP (MD can) (VP (VB let) (NP (PRP you)) (VP (VB go) (PP (IN
with) (NP (PRP$ our) (NN cloaking) (NN device)))))) (. .))
3 parse:

(S (NP (PRP We)) (VP (MD '11) (VP (VB cloak) (NP (PRP you)) (PP (IN with) (NP (PRP$
our) (NN device))))) (. .))

(a) Input
Aspect: Lexical, Best: 1, Worst: @
Analysis:
0: 'slip you through'»'slip by you' reverses the core meaning — high penalty. Also
pluralizes "device" to "devices" without justification — light penalty for minor
factual change. The difficult word ‘cloaking' is retained — moderate penalty.
1: 'slip you through'-»'hide you' shifts nuance, but becomes simpler and preserves most
of the intended meaning — moderate high reward. The difficult word 'cloaking' is
retained — moderate penalty.
2: 'slip you through'»'let you go' may imply release rather than passage — light
penalty. The difficult word 'cloaking' is retained — moderate penalty.
3: "slip you through"-»"cloak you" simplifies verb but loses the specific "cloaking
device" label ("our device" is ambiguous) - moderate-high penalty for deleting an
important modifier

Aspect: Structural, Best: 3, Worst: 2

Analysis:

0: Fronting the PP ("With our..devices") aids clarity. However, it fails to simplify the
source’s nested PPs; instead, creates a new multi-layered VP (slip » by - you) without
resolving recursion.

1: Collapses two nested PPs ("through with...") with a single gerundive phrase ("using
our cloaking device"), resulting in a shallower syntactic tree.

2: Avoids the nested PP by using dual VP embedding ("let you go"), but less streamlined
than 1: The PP ("with...") modifies the lower verb (go), maintaining a moderately
hierarchical structure.

3: Simple S » NP VP PP, no nesting -» high reward

Aspect: Overall, Best: 1, Worst: @

(b) Corresponding output showing evaluations on lexical, structural, and overall dimensions.

Figure 8: Example 1 for sentence-level LLM-Judge
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Source sentence: The humans had grown complacent, having faced no concentrated robotic aggression during the last
century of uneasy cold war.

0: People were beginning to be satisfied because during the last hundred years of a nervous cold war, they had
not had to face any concentrated aggression of robots.

1: The humans became complacent due to a century without robotic aggression.

2: They had become complacent.

3: The humans became complacent, having faced no major robotic attacks in the last century of cold war tensions.

0 alignment:

©0_the 1_humans 2_had 3_grown 4_complacent, 5_having 6_faced 7_no 8_concentrated 9_robotic 10_aggression
11_during 12_the 13_last 14_century 15 of 16_uneasy 17_cold 18 war.

©_people 1_were 2_beginning 3_to 4_be 5_satisfied 6_because 7_during 8 the 9_last 1@_hundred 11_years 12_of
13_a 14_nervous 15_cold 16_war, 17_they 18 had 19_not 20 had 21_to 22_face 23_any 24_concentrated 25_aggression
26_of 27_robotes.

1_humans-0_people 2_had-1_were 3_grown-4_be 4_complacent,-5_satisfied 5_having-18_had 6_faced-22_face 7_no-
23_any 8_concentrated-24_concentrated 10_aggression-25_aggression 11_during-7_during 12_the-8 the 13_last-9_last
14_century-11_years 15_of-12_of 16_uneasy-14_nervous 17_cold-15_cold 18_war.-27_robotes.
1 alignment:

©_the 1_humans 2_had 3 grown 4_complacent, 5_having 6_faced 7_no 8 concentrated 9_robotic 10_aggression
11_during 12_the 13_last 14_century 15_of 16_uneasy 17_cold 18_war.

©_the 1_humans 2_became 3_complacent 4_due 5 to 6_a 7_century 8_without 9_robotic 1@_aggression.

©_the-0_the 1_humans-1_humans 3_grown-2_became 4_complacent,-3_complacent 7_no-8_without 9_robotic-9_robotic
10_aggression-10_aggression. 12_the-6_a 14 century-7_century 18_war.-10_aggression.
2 alignment:

©_the 1_humans 2_had 3_grown 4_complacent, 5_having 6_faced 7_no 8 concentrated 9_robotic 1@_aggression
11_during 12_the 13_last 14_century 15 of 16_uneasy 17_cold 18_war.

©_they 1_had 2_become 3_complacent.

©_the-0_they 1_humans-@_they 2_had-1_had 3_grown-2_become 4_complacent,-3_complacent. 5 having-1_had 18_war.-
3_complacent.
3 alignment:

©_the 1_humans 2_had 3_grown 4_complacent, 5_having 6_faced 7_no 8_concentrated 9_robotic 10_aggression
11_during 12_the 13_last 14_century 15 of 16_uneasy 17_cold 18 war.

©_the 1_humans 2 _became 3_complacent, 4_having 5_faced 6_no 7_major 8_robotic 9 attacks 10_in 11_the 12_last
13_century 14_of 15_cold 16_war 17_tensions.

©_the-0_the 1_humans-1_humans 3_grown-2_became 4_complacent,-3_complacent, 5_having-4 having 6_faced-5_faced
7_no-6_no 8_concentrated-7_major 9_robotic-8 robotic 10_aggression-9_attacks 11_during-10_in 12_the-11_the
13_last-12_last 14_century-13_century 15_of-14_of 17_cold-15 cold 18 war.-17_tensions.

Source parse:

(S (NP (DT The) (NNS humans)) (VP (VBD had) (VP (VBN grown) (ADIP (33 complacent), (S (VP (VBG having) (VP
(VBN faced) (NP (DT no) (33 concentrated) (JJ robotic) (NN aggression)) (PP (IN during) (NP (DT the) (33 last)
(NN century) (PP (IN of) (NP (33 uneasy) (33 cold) (NN war)))))))))))) (- .))

0 parse:

(S (NP (NNS People)) (VP (VBD were) (VP (VBG beginning) (S (VP (TO to) (VP (VB be) (VP (VBN satisfied) (SBAR
(IN because) (S (PP (IN during) (NP (DT the) (33 last) (CD hundred) (NNS years) (PP (IN of) (NP (DT a) (33
nervous) (NNP Cold) (NNP War))))) (, ,) (NP (PRP they)) (VP (VBD had) (RB not) (VP (VBN had) (S (VP (TO to) (VP
(VB face) (NP (DT any) (33 concentrated) (NN aggression) (PP (IN of) (NP (NNS robots))))))NNNNN) (. .))

1 parse:

(S \n (NP (DT The) (NNS humans)) (VP (VBD became) (ADIP (JJ complacent) (PP (IN due) (PP (TO to) (NP (DT a)

(NN century) (PP (IN without) (NP (33 robotic) (NN aggression)))))))) (. .))
2 parse:

(S \n (NP (PRP They)) (VP (VBD had) (VP (VBN become) (ADJP (JJ complacent)))) (. .)
3 parse:

(S (NP (DT The) (NNS humans)) (VP (VBD became) (ADIP (JJ complacent)) (, ,) (S (VP (VBG having) (VP (VBN
faced) (NP (DT no) (33 major) (33 robotic) (NNS attacks)) (PP (IN in) (NP (DT the) (33 last) (NN century) (PP (IN
of) (NP (33 cold) (NN war) (NNS tensions)))))))) (. .))

(a) Input
Aspect: Lexical, Best: 3, Worst: 2
Analysis:
0: Simplifies "humans" - "people", "century" - "hundred years", "had grown complacent”
- "were beginning to be satisfied". High meaning preservation. "robotic
aggression"-»"aggression of robots", moderate penalty. Adds filler "because," "they had
not had to": moderate penalty.
1: Simplifies "had grown" - "became" (reduces verb complexity) - high reward. Omits
"concentrated"” and "cold war" nuance - moderate penalty. Retains "complacent"
(difficult word) - moderate penalty. Good lexical clarity with minor losses.
2: "humans" » "they" (loss of specificity) - high penalty. Retains "complacent"
(difficult word) - moderate penalty. Heavy meaning loss despite surface simplicity.
3: "had grown complacent"»"became complacent”: moderate reward. Retains "complacent"
(difficult word): moderate penalty. "concentrated"-»"major," "aggression"-»"attacks":
simpler synonyms—high reward.

Aspect: Structural, Best: 2, Worst: ©

Analysis:

0: Retains complex multi-clause structure: nested VP chains, SBAR ("because"), deeply
embedded PPs. Adds a "because" link (small clarity gain), but doesn't fundamentally
flatten structure.

1: Flattens source’s multi-clause structure into a single VP-ADJP chain. Simplifies
"during...century" » "due to a century without" (reduces PP embedding - high reward).
2: Collapses the source into minimal NP-VP-ADJP structure (no clauses or modifiers -
high reward).

3: Retains the original complex participial construction ("having faced.."), only
substituting simpler words, moderate structural penalty for not simplifying the
structure.

Aspect: Overall, Best: 1, Worst: 2

(b) Corresponding output showing evaluations on lexical, structural, and overall dimensions.

Figure 9: Example 2 for sentence-level LLM-Judge
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Source sentence: These concerns have intensified due to the actions of China, the
predominant supplier.

0: These concerns have gotten larger because of the actions of China.

1: China's actions have intensified these concerns.

2: These are concerns that have been raised by China, who are a major supplier.
3: These concerns have intensified because of China's actions, which is the main
supplier.

0 alignment:

0_these 1_concerns 2_have 3_intensified 4_due 5_to 6_the 7_actions 8 _of 9_china,
16_the 11_predominant 12_supplier.

0_these 1_concerns 2_have 3_gotten 4_larger 5_because 6_of 7_the 8_actions 9_of
1@_china.

0_these-@_these 1_concerns-1_concerns 2_have-2_have 3_intensified-3_gotten
3_intensified-4_larger 4_due-5_because 5_to-6_of 6_the-7_the 7_actions-8 actions 8_of-
9_of 12_supplier.-10_china.
1 alignment:

0_these 1_concerns 2_have 3_intensified 4_due 5_to 6_the 7_actions 8 _of 9_china,
10_the 11_predominant 12_supplier.

©_china's 1_actions 2_have 3_intensified 4_these 5_concerns.

0_these-4_these 1_concerns-5_concerns. 2_have-2_have 3_intensified-3_intensified
7_actions-1_actions 9_china,-@_china's 12_supplier.-5_concerns.
2 alignment:

@_these 1_concerns 2_have 3_intensified 4_due 5_to 6_the 7_actions 8_of 9_china,
1@_the 11_predominant 12_supplier.

0_these 1_are 2_concerns 3_that 4_have 5_been 6_raised 7_by 8_china, 9_who 10_are
11_a 12_major 13_supplier.

0_these-@_these 1_concerns-2_concerns 2_have-4_have 3_intensified-6_raised 8_of-
7_by 9_china, -8_china, 10_the-11_a 11_predominant-12_major 12_supplier.-13_supplier.
3 alignment:

0_these 1_concerns 2_have 3_intensified 4_due 5_to 6_the 7_actions 8_of 9_china,
1@_the 11_predominant 12_supplier.

0_these 1_concerns 2_have 3_intensified 4_because 5_of 6_china's 7_actions, 8_which
9_is 10_the 11_main 12_supplier.

0_these-@_these 1_concerns-1_concerns 2_have-2_have 3_intensified-3_intensified
4_due-4_because 5_to-5_of 7_actions-7_actions, 10_the-10_the 11_predominant-11_main
12_supplier.-12_supplier.

Source parse:

(S (NP (DT These) (NNS concerns)) (VP (AUX have) (VP (VBN intensified) (PP (IN due)
(PP (TO to) (NP (DT the) (NNS actions) (PP (IN of) (NP (NNP China) (, ,) (NP (DT the)
(33 predominant) (NN supplier))))))))) (. .))
9 parse:

(S \n (NP (DT These) (NNS concerns)) (VP (VBP have) (VP (VBN gotten) (ADJIP (JIR
larger)) (SBAR (IN because) (S (PP (IN of) (NP (DT the) (NNS actions))) (PP (IN of) (NP
(NNP China)))))))) -)

1 parse:

(S \n (NP (NNP China) (POS 's))\n (VP \n (VBZ actions) \n (VP \n (vBP
have) \n (VP \n (VBN intensified) \n (NP \n (DT these)
\n (NNS concerns)))))\n (. .))

(S (NP (NNP China) (POS ‘s)) (VP (VBZ actions) (VP (VBP have) (VP (VBN intensified) (NP
(DT these) (NNS concerns))))) (. .))
2 parse:

(S (NP (DT These)) (VP (VBP are) (NP (NNS concerns) (SBAR (WHNP (WDT that)) (S (VP
(VBP have) (VP (VBN been) (VP (VBN raised) (PP (IN by) (NP (NNP China))) (, ,) (SBAR
(WHNP (WP who)) (S (VP (VBP are) (NP (DT a) (33 major) (NN supplier)))))))))))))

3 parse:

(S (NP (DT These) (NNS concerns)) (VP (VBP have) (VP (VBN intensified) (PP (IN
because) (PP (IN of) (NP (NP (NNP China) (POS 's) (NNS actions)) (SBAR (WHNP (WDT
which)) (S (VP (VBZ is) (NP (DT the) (33 main) (NN supplier))))))))) (. .))

(a) Input
Aspect: Lexical, Best: 3, Worst: 2
Analysis:
0: Simplifies "intensified" with "gotten larger, "due to" with "because of" - high
reward. Deletes "predominant supplier" - loss of specificity but retains core meaning,

moderate penalty.

1: Retains the complex word "intensified", moderate penalty. Deletes "predominant
supplier” - loss of specificity but retains core meaning, moderate penalty.

2: "intensified" » "raised" (significant meaning change), high penalty. Simplifies
"predominant” -> "major", high reward. However, meaning distortion outweighs its
partial simplification.

3: Retains the complex word "intensified", moderate penalty. Simplifies "predominant"
with "main", "due to" with "because of", high reward. Keeps most of the original
content.

Aspect: Structural, Best: 1, Worst: 2

Analysis:

0: Retains complex SBAR ("because of") and nested PPs, adding no structural improvement.
1: Flattens the source’s structure into a clean active-voice NP-VP-NP ("China’s actions
have intensified concerns") - high reward.

2: Introduces two relative clauses ("that have been raised...",
deeper SBAR nesting than the source - high penalty.

3: Embeds a relative clause ("which is.."), mirroring the source’s nesting—moderate
penalty.

"who are..."), creating

Aspect: Overall, Best: 1, Worst: 2

(b) Corresponding output showing evaluations on lexical, structural, and overall dimensions.

Figure 10: Example 3 for sentence-level LLM-Judge
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You are an evaluation system for document-level simplification. You will be provided with:
1) One anchor example of document-level simplification.
It contains:
e an original document
e its gold simplified version
e edits that were made to create the simplified version (relative to the original)
- The anchors demonstrate:
(a) what categories of edits are typically made
(b) how frequently and how strongly those edits are applied
2) An original document
3) Four simplified versions of the original document (labeled ©, 1, 2, and 3)

YOUR TASK
Act as a document-level evaluation system.

Select:
- The BEST simplified document that most closely follows the edit patterns from the anchors,
while making sure the global coherence, discourse relations, and coreference are in good shape.
- The WORST simplified document that least follows the edit patterns from the anchors, while
also considering any major issues in coherence, discourse, or coreference.
OUTPUT FORMAT (strict):
{{
"best": <index>,
"worst": <index>
1}
The values must be integers from @ to 3.
Strictly follow the above format and do not include any explanation or extra symbols.

Figure 11: Document-level evaluation guidelines provided to the judge LLM

System:
Please return the Penn Treebank-style constituency parse for the following sentence.
Only return the parse tree. Do not return any additional text or explanation.

User:
We can let you go with our cloaking device.

Assistant:
(s
(NP (PRP We))
(VP (MD can)
(VP (VB let)
(NP (PRP you))
(VP (VB go)
(PP (IN with)
(NP (PRP$ our) (NN cloaking) (NN device))))))

User:
{Input}

Figure 12: Prompts used for parsing
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You are given two parallel documents: the original document and its simplified version.

Each sentence in both documents is prefixed with a sentence index in square brackets, e.g., [©0],
[1], etc.

Your task is to align the corresponding sentences between the two documents.

One sentence in the original document may align to zero, one, or multiple sentences in the
simplified document.

Create a separate alignment entry for each aligned sentence pair.

If an original sentence does not align to any simplified sentence, include an alignment entry
with sent_simp_id as null and sent_simp as an empty string.

OUTPUT FORMAT (strict):
The output should be a JSON array of alignment entries.
Each alignment entry is a JSON object with the following structure:
{

"id": <integer, starting from © and increasing>,

"sent_orig_id": <integer, the sentence index in the original document as given in the square
brackets>,

"sent_simp_id": <integer, the sentence index in the simplified document as given in the square
brackets, or null if no alignment>,

"sent_orig": "<corresponding sentence from the original document, do not truncate>",
"sent_simp": "<corresponding sentence from simplified document, do not truncate, or empty
string if no alignment>"

}

Please make sure all keys and values are present and complete as specified, and the output is
valid JSON.
DO NOT include any additional text, explanations, or comments in the output.

Figure 13: System messages for sentence alignment
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Original Document:

[@]_Guglielmo giovanni maria marconi, 1st marquis of marconi (; 25 april 187420 july 1937)
was an italian inventor and electrical engineer, known for his pioneering work on long-
distance radio transmission, development of marconi's law, and a radio telegraph system.
[1]_He is credited as the inventor of radio, and he shared the 1909 nobel prize in physics
with karl ferdinand braun "in recognition of their contributions to the development of
wireless telegraphy".

[2]_Marconi was also an entrepreneur, businessman, and founder of the wireless telegraph &
signal company in the united kingdom in 1897 (which became the marconi company).

[3]_He succeeded in making an engineering and commercial success of radio by innovating and
building on the work of previous experimenters and physicists.

[4]_In 1929, marconi was ennobled as a marchese (marquis) by king victor emmanuel iii of
italy, and, in 1931, he set up vatican radio for pope pius xi.

Simplified Document:

[0]_Guglielmo Marconi was an Italian inventor and engineer, best known for his work in long-
distance radio communication.

[1]_He is often called the inventor of radio and played a key role in developing wireless
telegraphy.

[2]_In 1909, he shared the Nobel Prize in Physics with Karl Ferdinand Braun for their work in
wireless communication.

[3]_He made radio a practical and commercial success by building on the discoveries of
earlier scientists.

[4]_Marconi passed away in 1937, leaving behind a lasting legacy in the field of
communication.

(a) Input

"id": o,
"sent_orig_id":

"sent_or‘ig:. uglielmo giovanni maria marconi, 1st marquis of marconi (; 25 april 187420 july 1937)
was an italian inventor and electrical engineer, known for his pioneering work on long-distance radio
transmission, development of marconi's law, and a radio telegraph system.",

"sent_simp": "Guglielmo Marconi was an Italian inventor and engineer, best known for his work in
long-distance radio communication.”
Y
{
"id": 1,

"sent_orig_id

"sent_simp_id

"sent_orig": "Guglielmo giovanni maria marconi, 1st marquis of marconi (; 25 april 187420 july 1937)
was an italian inventor and electrical engineer, known for his pioneering work on long-distance radio
transmission, development of marconi's law, and a radio telegraph system.",

"sent_simp": "Marconi passed away in 1937, leaving behind a lasting legacy in the field of
communication.”
{
"id": 2,

1,
"sent_orig": "He is credited as the inventor of radio, and he shared the 1909 nobel prize in physics
with karl ferdinand braun 'in recognition of their contributions to the development of wireless

telegraphy'.",

"sent_simp": "He is often called the inventor of radio and played a key role in developing wireless
telegraphy."
{
"id": 3,
"sent_orig_id": 1,
"sent_simp_id": 2,

"sent_orig": "He is credited as the inventor of radio, and he shared the 1989 nobel prize in physics
with karl ferdinand braun 'in recognition of their contributions to the development of wireless

telegraphy'.",

"sent_simp": "In 1909, he shared the Nobel Prize in Physics with Karl Ferdinand Braun for their work
in wireless communication.”
I
{
"id": 4,
"sent_orig_id": 2,
"sent_simp_id": null,
"sent_orig": "Marconi was also an entrepreneur, businessman, and founder of the wireless telegraph &
signal company in the united kingdom in 1897 (which became the marconi company).",
"sent_simp": ""
3,
{
"id": 5,
"sent_orig_id": 3,
"sent_simp_id": 3,
"sent_orig": "He succeeded in making an engineering and commercial success of radio by innovating and
building on the work of previous experimenters and physicists.",
"sent_simp": "He made radio a practical and commercial success by building on the discoveries of

earlier scientists.”

Y
{

"sent_orig": "In 1929, marconi was ennobled as a marchese (marquis) by king victor emmanuel iii of
italy, and, in 1931, he set up vatican radio for pope pius xi.",
"sent_simp": ""
3
]

(b) Corresponding output

Figure 14: One-shot example for sentence alignment
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You will be provided with the following:
A source sentence and its simplified version.
Word alignments between the source and the simplified sentence, structured as:
words in the source sentence with indices.
words in the simplified sentence with indices.
word alignments following the format: sourceIndex_sourceWord-
simplifiedIndex_simplifiedWord

Your task: Act as an evaluation system, evaluate the lexical quality of the simplified
sentence referring to the word alignments and the following lexical evaluation
principles:

Replacing difficult words with easier ones without changing the meaning, or only
slightly changing it. » High reward

Replacing easy words with even simpler ones without changing the meaning, or only
slightly changing it. - Moderate reward

Replacing words with more complex ones - High penalty

Replacing words in a way that significantly changes the original meaning - High
penalty

Deleting unimportant difficult words - Moderate reward

Deleting easy words - Moderate penalty

Deleting important information - High penalty

Deleting, replacing, or omitting important named entities - High penalty

Retaining difficult words - Moderate penalty

Adding new complex words - High penalty

Please give me an evaluation report.

(a) Sent-Lexical
You will be provided with the following:
A source sentence and its simplified version.
Word alignments between the source and the simplified sentence, structured as:
words in the source sentence with indices.
words in the simplified sentence with indices.
word alignments following the format: sourceIndex_sourceWord-
simplifiedIndex_simplifiedWord
Penn Treebank-style parses for the source and each simplified sentence.

Your task: Act as an evaluation system, evaluate the overall quality of the simplified
sentence referring to the word alignments, parses, and the following evaluation
principles.
Lexical Evaluation Principles:

Replacing difficult words with easier ones without changing the meaning, or only
slightly changing it. - High reward

Replacing easy words with even simpler ones without changing the meaning, or only
slightly changing it. - Moderate reward

Replacing words with more complex ones - High penalty

Replacing words in a way that significantly changes the original meaning - High
penalty

Deleting unimportant difficult words - Moderate reward

Deleting easy words - Moderate penalty

Deleting important information - High penalty

Deleting, replacing, or omitting important named entities - High penalty

Retaining difficult words -» Moderate penalty

Adding new complex words - High penalty

Structural Evaluation Principles:
Simplifying difficult structures - High reward
Simplifying easy structures - Moderate reward
Using more difficult structures -» High penalty
Splitting long sentences - High reward
Reordering for clarity - High reward
Edits that do not contribute to simplicity or clarity - Moderate penalty
Retaining difficult structures - High penalty

Please give me an evaluation report.

(b) Sent-Overall

Figure 15: Guidelines in sentence-level iterative feedback. Contents are from Figure 7, 8, 9, and 10.
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Source sentence: We'll slip you through with our cloaking device.
Simplified sentence: With our cloaking devices, we can slip by you.

Alignment:

0_we'll 1_slip 2_you 3_through 4 with 5_our 6_cloaking 7_device.

0_with 1_our 2_cloaking 3_devices, 4_we 5_can 6_slip 7_by 8_you.

0_we'll-4_we 1_slip-6_slip 3_through-7_by 4_with-0_with 5_our-1_our 6_cloaking-
2_cloaking 7_device.-8_you.

(a) Input of Example 1
'slip you through'»'slip by you' reverses the core meaning — high penalty. Also
pluralizes "device" to "devices" without justification — light penalty for minor
factual change. The difficult word 'cloaking' is retained — moderate penalty.

(b) Output of Example 1

Source sentence:. These concerns have intensified due to the actions of China, the
predominant supplier.

Simplified sentence: These are concerns that have been raised by China, who are a
major supplier.

Alignment:

0_these 1_concerns 2_have 3_intensified 4_due 5_to 6_the 7_actions 8_of 9_china,
10_the 11_predominant 12_supplier.

0_these 1_are 2_concerns 3_that 4_have 5_been 6_raised 7_by 8_china, 9_who
10_are 11_a 12_major 13_supplier.

0_these-0_these 1_concerns-2_concerns 2_have-4_have 3_intensified-6_raised
8_of-7_by 9_china,-8_china, 10_the-11_a 11_predominant-12_major 12_supplier.-
13_supplier.

(c) Input of Example 2

"intensified" - "raised" (significant meaning change), high penalty. Simplifies
"predominant" -> "major", high reward. However, meaning distortion outweighs its
partial simplification.

(d) Output of Example 2
Source sentence: The humans had grown complacent, having faced no concentrated
robotic aggression during the last century of uneasy cold war.
Simplified sentence: The humans became complacent, having faced no major robotic
attacks in the last century of cold war tensions.

Alignment:

0_the 1_humans 2_had 3_grown 4_complacent, 5_having 6_faced 7_no 8_concentrated
9_robotic 10_aggression 11_during 12_the 13_last 14_century 15_of 16_uneasy 17_cold
18 _war.

0_the 1_humans 2_became 3_complacent, 4_having 5_faced 6_no 7_major 8 robotic
9_attacks 10_in 11_the 12_last 13_century 14_of 15_cold 16_war 17_tensions.

0_the-0_the 1_humans-1_humans 3_grown-2_became 4_complacent,-3_complacent,
5_having-4_having 6_faced-5_faced 7_no-6_no 8_concentrated-7_major 9_robotic-
8_robotic 10_aggression-9_attacks 11_during-10_in 12_the-11_the 13_last-12_last
14_century-13_century 15_of-14_of 17_cold-15_cold 18_war.-17_tensions.

(e) Input of Example 3

"had grown complacent"-»"became complacent": moderate reward. Retains "complacent"
(difficult word): moderate penalty. "concentrated"-»"major," "aggression"-»"attacks":
simpler synonyms—high reward.

(f) Output of Example 3

Figure 16: Three-shot examples of Sent-Lexical used for LLM-Judge in the iterative feedback setting.
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Source sentence: We'll slip you through with our cloaking device.
Simplified sentence: With our cloaking devices, we can slip by you.

Alignment:

0_we'll 1_slip 2_you 3_through 4_with 5_our 6_cloaking 7_device.

©_with 1_our 2_cloaking 3_devices, 4_we 5_can 6_slip 7_by 8_you.

0_we'll-4 we 1_slip-6_slip 3_through-7_by 4_with-@_with 5_our-1_our 6_cloaking-2_cloaking
7_device.-8_you.

Source parse:

(S \n (NP (PRP We))\n (VP\n (MD '11)\n (VP\n (VB slip)\n (NP (PRP you))\n (PP\n (IN
through)\n (PP\n (IN with)\n (NP\n (NP (PRP$ our) (NN cloaking) (NN device))))))\n (. .))
Simplified parse:

(S \n (PP (IN With) \n (NP (PRP$ our) (NNS cloaking) (NNS devices)))\n (, ,)\n (NP (PRP
we))\n (VP (MD can) \n (VP (VB slip) \n (PRT (RP by)) \n (NP (PRP you))))\n (. .))

(a) Input of Example 1

Lexical Analysis:

*slip you through'-»'slip by you' reverses the core meaning — high penalty. Also pluralizes "device"
to "devices" without justification — light penalty for minor factual change. The difficult word
‘cloaking' is retained — moderate penalty.

Structural Analysis:
Fronting the PP ("With our..devices") aids clarity. However, it fails to simplify the source’s nested
PPs; instead, creates a new multi-layered VP (slip - by = you) without resolving recursion.

(b) Output of Example 1
Source sentence: The humans had grown complacent, having faced no concentrated robotic aggression during the
last century of uneasy cold war.
Simplified sentence: The humans became complacent, having faced no major robotic attacks in the last century of
cold war tensions.

Alignment:

0_the 1_humans 2_had 3_grown 4_complacent, 5_having 6_faced 7_no 8_concentrated 9_robotic 10_aggression
11_during 12_the 13_last 14_century 15_of 16_uneasy 17_cold 18_war.

0_the 1_humans 2_became 3_complacent, 4_having 5_faced 6_no 7_major 8_robotic 9_attacks 10_in 11_the 12_last
13_century 14_of 15_cold 16_war 17_tensions.

0_the-0_the 1_humans-1_humans 3_grown-2_became 4_complacent,-3_complacent, 5_having-4_having 6_faced-5_faced
7_no-6_no 8_concentrated-7_major 9_robotic-8_robotic 10_aggression-9_attacks 11_during-10_in 12_the-11_the
13_last-12_last 14_century-13_century 15_of-14_of 17_cold-15_cold 18_war.-17_tensions.

Source parse:

(S (NP (DT The) (NNS humans)) (VP (VBD had) (VP (VBN grown) (ADJP (JJ complacent), (S (VP (VBG having) (VP
(VBN faced) (NP (DT no) (33 concentrated) (33 robotic) (NN aggression)) (PP (IN during) (NP (DT the) (33 last)
(NN century) (PP (IN of) (NP (33 uneasy) (33 cold) (NN war)))))))))))) (. .))

Simplified parse:

(S (NP (DT The) (NNS humans)) (VP (VBD became) (ADJP (JJ complacent)) (, ,) (S (VP (VBG having) (VP (VBN
faced) (NP (DT no) (33 major) (33 robotic) (NNS attacks)) (PP (IN in) (NP (DT the) (33 last) (NN century) (PP
(IN of) (NP (33 cold) (NN war) (NNS tensions)))))))) (. .))

(c) Input of Example 2

Lexical Analysis:
"had grown complacent"-"became complacent": moderate reward. Retains "complacent" (difficult word):

moderate penalty. "concentrated"s"major," "aggression"-s"attacks": simpler synonyms—high reward.
Structural Analysis:

Retains the original complex participial construction ("having faced.."), only substituting simpler words,
moderate structural penalty for not simplifying the structure.

(d) Output of Example 2

Source sentence:. These concerns have intensified due to the actions of China, the predominant supplier.
Simplified sentence: These are concerns that have been raised by China, who are a major supplier.

Alignment:

0_these 1_concerns 2_have 3_intensified 4_due 5_to 6_the 7_actions 8_of 9_china, 10_the
11_predominant 12_supplier.

0_these 1_are 2_concerns 3_that 4_have 5_been 6_raised 7_by 8_china, 9_who 10_are 11_a 12_major
13_supplier.

0_these-0_these 1_concerns-2_concerns 2_have-4_have 3_intensified-6_raised 8_of-7_by 9_china,-8_china,
10_the-11_a 11_predominant-12_major 12_supplier.-13_supplier.

Source parse:

(S (NP (DT These) (NNS concerns)) (VP (AUX have) (VP (VBN intensified) (PP (IN due) (PP (TO to) (NP
(DT the) (NNS actions) (PP (IN of) (NP (NNP China) (, ,) (NP (DT the) (33 predominant) (NN
supplier))))))))) (. .))
Simplified parse:

(S (NP (DT These)) (VP (VBP are) (NP (NNS concerns) (SBAR (WHNP (WDT that)) (S (VP (VBP have) (VP
(VBN been) (VP (VBN raised) (PP (IN by) (NP (NNP China))) (, ,) (SBAR (WHNP (WP who)) (S (VP (VBP are)
(NP (DT a) (33 major) (NN supplier)))))))))))))

(e) Input of Example 3

Lexical Analysis:
"intensified" » "raised" (significant meaning change), high penalty. Simplifies "predominant"
-> "major", high reward. However, meaning distortion outweighs its partial simplification.

Structural Analysis:
Introduces two relative clauses ("that have been raised...",
SBAR nesting than the source » high penalty.

(f) Output of Example 3

"who are..."), creating deeper

Figure 17: 3-shot examples of Sent-Overall used for LLM-Judge in the iterative feedback setting
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System:

You will be provided a source sentence, a simplified sentence, and an evaluation report
assessing the simplification. Improve the simplified sentence according to the
evaluation. If there are no issues mentioned in the evaluation, return the original
simplified sentence. Return only the revised simplified sentence without numbering or
explanations.

User:
{Input}

Figure 18: Prompts used for self-correction in the iterative feedback setting at the sentence level

You are an evaluation system for document-level simplification.
You will be provided with:
1) One anchor example of document-level simplification. It contains:
e an original document
e its gold simplified version
e edits that were made to create the simplified version (relative to the original)
- The anchors demonstrate:
(a) what categories of edits are typically made
(b) how frequently and how strongly those edits are applied
2) An original document
3) A simplified version of the original document

Your task: Act as a document-level evaluation system, evaluate the quality of the
simplified version by comparing it with the original document and the anchor example.

Please give me an evaluation report.

Figure 19: Guidelines in document-level iterative feedback.

System:

You will be provided a source document, a simplified document, and an evaluation report
assessing the simplification. Improve the simplified document according to the evaluation.
If there are no issues mentioned in the evaluation, return the original simplified document.
Return only the revised simplified document without numbering or explanations.

User:
{Input}

Figure 20: Prompts used for self-correction in the iterative feedback setting at the document level
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