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Abstract
Text revision has become an essential part of
writing, as it often improves the text through
iterative refinement. However, large language
models (LLMs) have primarily regarded text
revision as a holistic task that simultaneously
revises grammar, logic, and content. This might
be because LLMs are pre-trained only to gen-
erate final text rather than to learn the iterative
revision process. Therefore, such LLMs largely
overlook the dynamic nature of human revision,
where writers progressively improve their writ-
ing through a sequence of intended edits. To
bridge the gap, we investigate text revision gen-
eration from an iterativeness perspective and
propose a chain of revisions that focuses on re-
vision orders to iteratively improve text quality.
Experimental results suggest that our proposed
revision chains effectively capture the dynam-
ics of text revision in multi-intent scenarios and
outperform holistic revision baselines, which
provide a valuable pilot study for iterative revi-
sion research.

1 Introduction

Text revision is an important part of writing, which
allows writers to iteratively improve text qual-
ity through multiple rounds of editing (Sommers,
1980; Gollins and Gentner, 2016). However, a
writer’s actual intentions, which motivate the re-
vision, are often complex. For example, Figure 1
shows that texts can be revised based on multiple
intentions, with each edit driven by a specific pur-
pose (i.e., intention). These examples illustrate the
complexity of text revisions, and modeling such
revisions with computational models is challeng-
ing. While recent advances in large language mod-
els (LLMs) have enabled researchers to generate
successful revisions by addressing grammatical,
logical, and content-level issues (Shu et al., 2024;
Ziegenbein et al., 2024), these methods typically
formulate text revision as a single-pass transfor-
mation from an initial draft to a final text. Such

ParaRev Intention: [Rewrite, Content, Concision]
In this section we show that demonstrate conditions 
under which neural networks progressively lose their 
ability to quickly fit new targets when trained on 
sequential sequences of prediction tasks (i.e. settings in 
which the agent must solve a regression problem that 
iteratively changes over the course of training) including 
but not limited to those found in value-based RL…

IteraTeR Intention: [Meaning, Clarity, Fluency]
The new proposed annotation approach is also language 
and domain independent, nevertheless, it was currently 
domain-independent (although it has been applied for 
Brazilian Portuguese).

Figure 1: Revision examples: an original text can be re-
vised based on multiple intentions, e.g., meaning, clarity,
and fluency from the IteraTeR corpus (Du et al., 2022b)
and rewrite, content, and concision from the ParaRev
corpus (Jourdan et al., 2025).

designs largely disregard the iterativeness of human
revision, in which writers progressively refine their
work through a sequence of edits that are driven by
distinct intentions (Kim et al., 2022), e.g., enhanc-
ing clarity, improving coherence, and altering con-
tent. As a result, these methods could fail to handle
multi-intent revisions, in which intentions are en-
tangled and revising one can influence another, e.g.,
fixing a grammatical text could possibly harm the
text’s clarity (Skitalinskaya and Wachsmuth, 2023).
Therefore, it is crucial to model iterative revisions
in a fine-grained manner that decomposes the re-
vision process into explainable and controllable
revision chains.

While prompting LLMs with pre-defined instruc-
tions has achieved impressive success on several
NLP tasks (Zhang et al., 2025; Sun et al., 2025;
Lin et al., 2025), their exploration in iterative re-
visions remains limited. For example, Davis et al.
(2024) used zero-shot and few-shot learning for
single-pass text revision but did not investigate op-
timal strategies for selecting helpful revision ex-
emplars. Although Du et al. (2022a) developed
an iterative revision system to optimize the final

295



1 n2

1 2 n

…

Figure 2: The chain-of-revision framework, where revi-
sions are made based on n revision orders (steps), and
each step involves edits based on fine-grained intentions.

text through human feedback, Ziegenbein et al.
(2024) used reinforcement learning with machine
feedback, and Cao and Ng (2025) designed LLM-
based planners for iterative text refinement, they
did not decompose complex revision tasks into
fine-grained revision steps humans often imple-
ment (Faigley and Witte, 1981). Hence, such meth-
ods have limited interpretability and controllability
over the revision process. While Li et al. (2026)
explored a chain-of-thought prompt for iterative
text editing, no optimal iterative revision order
was investigated. In contrast, we propose a chain-
of-revision1 method with an intention-adaptive
exemplar-retrieval strategy to capture the complex
dynamics of iterative revision processes. Particu-
larly, we study two research questions: RQ1: How
to use LLMs to generate successful revisions and
assess their quality effectively? RQ2: How to lever-
age revision exemplars to help LLMs generate im-
proved revisions? We make three contributions:
• We propose a novel chain-of-revision prompt for

modeling iterative revision generation.
• We investigate an intention-adaptive retrieval

method for selecting useful revision exemplars.
• We develop LLM judges to complement the

weaknesses of conventional revision metrics.

2 Corpora

We use a revision dataset named IteraTeR (Du et al.,
2022b), which annotates 559 Wikipedia, arXiv, and
Wikinews documents with 6 intentions: clarity, flu-
ency, coherence, style, meaning, and others, as
described in Appendix A.1. We create a subset,
IteraTeR-multi, to exclude others that has uniden-
tified intentions, comprising 397 documents with
at least one sentence-level revision involving mul-
tiple intentions, as we hypothesize that revision
order influences final text when revisions are based
on multiple intentions. In addition, we use an-
other dataset named ParaRev (Jourdan et al., 2025),
which annotates 641 scientific paragraphs with 5
intentions: rewrite, concision, development, con-

1https://github.com/ZhexiongLiu/
Chain-of-Revision

tent, and unusable that has processing errors, as
described in Appendix A.2. We also create a sub-
set, ParaRev-multi, to exclude unusable and single-
intent revisions, yielding 248 paragraphs. Further-
more, we use the IteraTeR-multi split based on Du
et al. (2022b) and merge the validation and test sets
for evaluation, given their small sizes. We split the
ParaRev-multi into 70% for training and 30% for
evaluation. The dataset statistics and number of
intentions are shown in Appendix Tables 3 and 4.

3 Methods

Chain of Revisions. Prior work typically re-
gards multi-intent revision as a single-pass gen-
eration (Liu and Litman, 2026), but overlooks the
revision orders that can affect outcomes (Li et al.,
2026). To explore this, we propose a chain-of-
revision (CoR) method that explicitly models it-
erative revision as a sequence of revision orders
(steps). Specifically, given an original text X and a
set of revision intentions, our method enumerates
plausible permutations of different revision chains
and prompts the LLM to automatically select one
chain to generate a revised text Y . Specifically,
each revision step R handles a single intention I
applied to one or several sentences, e.g., improv-
ing clarity in one or multiple sentence(s), and the
length of the revision chain is therefore determined
by the number of given intentions, as illustrated
in Figure 2. The CoR prompt decomposes multi-
intent revisions into an ordered chain to enable
the LLM to focus on one revision objective at a
time and iteratively produce desirable revisions, as
detailed in Appendix Tables 8 and 9.

LLM as a Revision Judge. We develop LLMs
as judges to evaluate the quality of generated revi-
sions to supplement the limitations of conventional
revision metrics, e.g., SARI (Xu et al., 2016), that
primarily focus on n-gram alignment and often cor-
relate poorly with human preferences in high-level
revisions (Maddela et al., 2023). In addition, exist-
ing metrics do not leverage intention information
that motivates the revisions, which is important for
assessing revision quality (Liu and Litman, 2025).
Inspired by this, we design LLM judges to include
intention references and focus on revisions over
three span-level edit operations, keep, delete, and
add, and assess whether the predicted edits perform
the same operation as the gold revision. It rewards
aligned edits from the perspective of the surface
and content dimensions based on Faigley and Witte
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LLMs Method
IteraTeR-multi ParaRev-multi

SARI GLEU Update-R Surface Content Average SARI GLEU Update-R Surface Content Average

- Copy-Baseline 26.91 57.18 0.00 15.35 21.05 24.10 26.75 46.60 0.00 26.00 17.00 23.27

GPT-5.2
Holistic-Baseline 39.50 34.03 53.30 61.84 55.26 48.79 39.11 18.13 36.70 56.67 51.33 40.39

CoT-Baseline 38.86 31.77 51.98 62.28 55.26 48.03 37.68 18.45 37.22 57.00 51.67 40.40
CoR (ours) 40.51 38.03 55.02 63.16 56.58 50.66 39.11 23.04 37.99 59.33 53.33 42.56

Llama3.1-8B
Holistic-Baseline 35.07 17.95 53.01 60.96 51.75 43.75 38.00 19.12 41.33 53.67 45.33 39.49

CoT-Baseline 35.42 18.57 54.17 58.77 49.12 43.21 38.39 21.47 41.97 57.33 46.00 41.03
CoR (ours) 35.32 22.39 53.45 61.84 53.51 45.30 34.36 18.54 39.45 58.00 47.00 39.47

Table 1: The LLM performance in terms of baselines and our chain of revision (CoR) in zero-shot learning, evaluated
with conventional and our LLM-as-a-revision-judge metrics. The bold numbers are the best results in each block.

(1981), which primarily categorizes the revisions
into surface and text-based levels. The two per-
spectives are scored independently on a five-point
Likert scale, then normalized to 0-1, with higher
scores indicating that the predictions more closely
align with those of the gold references. To improve
the evaluation interpretability, the judge addition-
ally requires a rationale that grounds the decision
in concrete facts. Such metrics leverage the linguis-
tic capabilities of LLMs to assess revisions beyond
n-gram overlap and to capture alignment based on
desirable intentions, as detailed in Appendix Ta-
ble 10.

Intention-Adaptive Retrieval. We use revision
exemplars to guide LLMs in generating intended
revisions. Existing retrieval-based few-shot learn-
ing typically uses a semantic-retriever that employs
Sentence-BERT (Reimers and Gurevych, 2019) to
encode text and to retrieve similar exemplars. Al-
though this design captures similar revision pat-
terns that can support desirable revision generation,
it relies solely on revision semantics, disregarding
the important intention that motivates the revisions.
As a result, retrieved exemplars often exhibit revi-
sion behaviors inconsistent with the target inten-
tions, e.g., returning meaning edits when clarity
revisions are desired, misleading LLMs to generate
degraded revisions. To address this, we propose
an intention-retriever that conditions retrieval on
the revision intention relevant to each test instance,
filtering out candidates whose revision intentions
do not match the target, e.g., discarding meaning
exemplars when the goal is clarity. This simple
mechanism ensures the selected exemplars are both
semantically similar and intention-adaptive.

4 Experiments

We use both open-source Llama3.1-8B (Grattafiori
et al., 2024) and closed-source GPT-5.22 to study

2https://openai.com/index/
introducing-gpt-5-2/

revision generation, and GPT-4.13 for LLM judges
since GPT-4.1 achieves human-like annotation per-
formance (Luo et al., 2025). We use vLLM (Kwon
et al., 2023) framework on an Nvidia 3090 GPU for
open-source LLMs and the Azure Foundry API4

for closed-source LLMs. We set the temperature
to 0 and the maximum tokens to 2048. We use the
training set for exemplar retrieval, and report re-
sults on the evaluation set. We use SARI (Xu et al.,
2016), GLEU (Napoles et al., 2015), and Update-
ROUGE (Update-R) (Logan IV et al., 2022) scores
as metrics based on Shu et al. (2024), as well as our
proposed LLM-judge metrics Surface and Con-
tent as described in Sec. 3. We experiment with
the following methods:

• Copy: Copy the original text as revised text for a
non-edit baseline (Liu and Litman, 2026).

• Holistic: Use a prompt to address all the inten-
tions, based on Raheja et al. (2023) and Ziegen-
bein et al. (2024), as in Appendix A.3.

• Chain-of-Thought (CoT): Use a prompt to in-
struct LLMs to generate revisions step by step
based on Wei et al. (2022), as in Appendix A.3.

• Chain-of-Revision (CoR): Use a CoR prompt
to instruct LLMs to generate revisions using a
dynamically determined order. We also include
a fixed-order CoR based on Li et al. (2026) for
revision order analysis. The detailed prompts are
described in Appendix A.3.

5 Results

We present the results regarding baselines and the
proposed CoR in zero-shot learning in Table 1. It
shows that GPT-5.2 with CoR mostly outperforms
the holistic and CoT baselines, except for the SARI
score on ParaRev-multi; Llama3.1-8B with CoR
mostly achieves the best results on IteraTeR-multi,
except for the SARI and Update-R scores, but is

3https://openai.com/index/gpt-4-1/
4https://ai.azure.com/
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Dataset Revision Chain (3 intentions) Win Tie Lose

IteraTeR

CoR vs. Clarity-Coherence-Meaning 64.29% 14.29% 21.43%
CoR vs. Clarity-Meaning-Coherence 57.14% 21.43% 21.43%
CoR vs. Coherence-Clarity-Meaning 64.29% 14.29% 21.43%
CoR vs. Coherence-Meaning-Clarity 42.86% 50.00% 7.14%
CoR vs. Meaning-Clarity-Coherence 42.86% 28.57% 28.57%
CoR vs. Meaning-Coherence-Clarity 42.86% 42.86% 14.29%

ParaRev

CoR vs. Concision-Content-Rewrite 50.00% 33.33% 16.67%
CoR vs. Concision-Rewrite-Content 66.67% 16.67% 16.67%
CoR vs. Content-Concision-Rewrite 41.67% 16.67% 41.67%
CoR vs. Content-Rewrite-Concision 41.67% 25.00% 33.33%
CoR vs. Rewrite-Concision-Content 33.33% 41.67% 25.00%
CoR vs. Rewrite-Content-Concision 50.00% 25.00% 25.00%

Table 2: LLM-judge performance on dynamic CoR and
fixed revision chains in zero-shot learning across two
datasets. The winning, tied, and losing rates are the
rates for CoR on 3-intent revisions generated by GPT-
5.2. The results are the average of two runs with CoR as
the first and fixed chains as the first inputs in the prompt.

less effective on ParaRev-multi, e.g., lower SARI,
GLEU, and Update-R scores. Note that the Copy
baseline (no revision) has the highest GLEU score
but zero Update-R, indicating that SARI is a criti-
cal metric. However, the SARI is less convincing
when the revisions use paraphrased text (see the
examples in Appendix Figure 5 and the discussions
in Appendix A.4). In contrast, our proposed LLM
judge yields consistent results across LLMs and
datasets, which reveals its benefits in capturing
both semantics and intention alignment. We man-
ually evaluate the judge with 30% IteraTeR-multi
data, and the QWK scores between one annotator
and the judge are 0.45 for surface and 0.41 for con-
tent, both indicating moderate agreement (Landis
and Koch, 1977), which is comparable to the align-
ment between human and LLM judges for writing
assessment tasks in Wang et al. (2025).

To analyze the revision chains, we use a sub-
set of 3-intent revisions as a case study, since the
number of intentions varies across examples in Ta-
ble 1 (e.g., from 2 to 5 intentions), and using more
intentions would cause revision chains to grow ex-
ponentially (e.g., 5 intentions yield 120 different
chains, as shown in Appendix Table 4). Here, we
use another GPT-4.1 judge to evaluate pairwise per-
formance between the CoR and each fixed-order
chain based on the prompt in Appendix Table 11,
which has a fair-agreed 0.32 QWK between human
and the LLM judge on one-third of IteraTeR-multi
pairwise data. Results in Table 2 show that CoR
mostly has more wins than losses across the two
datasets, and is likely to tie when the chain starts
with coherence and meaning for IteraTeR-multi and
rewrite for ParaRev-multi, which suggests that CoR
might prefer to start with these intentions to gener-
ate improved revisions. To validate it, we visualize

Meaning

Coherence

Clarity

Coherence

Clarity
Meaning

Clarity

Step 1 Step 2 Step 3

Content

Rewrite

Content

Concision

Rewrite

Content

Concision

Step 1 Step 2 Step 3

Figure 3: The revision steps (chains) generated by GPT-
5.2 with zero-shot learning and CoR on the 3-intent
examples in IteraTeR-multi (upper) and ParaRev-multi
(lower) datasets. The purple, orange, blue, red, yel-
low, and green represent coherence, meaning, clarity,
rewrite, content, and concision, respectively.

the dynamic CoR steps in Figure 3. The upper
Sankey diagram shows that CoR mostly starts with
coherence (purple), followed by clarity (blue) and
meaning (orange), which is in line with Kim et al.
(2022) that proficient writers are likely to revise co-
herence before clarity. Regarding ParaRev-multi,
CoR prefers starting with rewrite and content and
then does concision. These observations suggest
that the CoR prompt dynamically selects revision
chains and that LLM judges could supplement con-
ventional revision metrics for revision assessment,
which answers RQ1.

We further investigate retrieval methods for se-
lecting helpful exemplars. Figure 4 shows the Av-
erage performance across LLMs and datasets. Re-
garding semantic retrievers (blue lines), more shots
generally degrade performance with GPT-5.2, but
one or two shots could improve performance for
Llama3.1-8B across two datasets. While our inten-
tion retrievers (yellow lines) achieve the best results
with one or two shots, except for GPT-5.2 with
zero-shot on ParaRev-multi, three shots are mostly
not helpful. This suggests that the quantity of the
exemplar does not compensate for the quality of
the exemplars, and more shots would have a higher
chance to include useless examples with low simi-
larity scores, as shown in Appendix Figure 6. This
finding is consistent with prior work (Davis et al.,
2024), which suggests that more exemplars may
not benefit grammar-level revisions, and few-shot
learning could help such tasks. Hence, intention re-
trievers equipped with appropriate exemplars could
achieve improved results, which answers RQ2.

6 Conclusion

We propose the chain of revisions, a novel method
for effectively capturing the dynamic and itera-
tive revision process. We explore open-source and
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Figure 4: The CoR Average results in terms of differ-
ent numbers of exemplars retrieved by the semantic-
retriever and our intention-retriever on both IteraTeR-
multi and ParaRev-multi datasets.

closed-source LLMs for modeling multi-intent re-
visions and demonstrate that the chain of revisions,
equipped with intention-adaptive retrievers, can im-
prove revision quality, and that LLM judges are use-
ful for capturing semantic and intention alignment,
which provides a valuable study for explainable
and controllable iterative revision generation.

Ethics Statement

We use publicly available human-annotated revi-
sion corpora, which were collected and annotated
for academic purposes and pose no ethical impli-
cations, such as those related to identity, gender,
or race. The two corpora include text revisions
from Wikipedia, arXiv, news, and scientific arti-
cles, which increases the diversity of the revision
study. Furthermore, we acknowledge the existing
issues with LLM-generated revisions, including in-
accuracies and hallucinations, which need to be
addressed in future work.

Limitations

Experiment. Our experiments use relatively small
annotated corpora due to the limited availability
of multi-intent revision corpora; however, mostly
consistent results across two datasets and LLMs
demonstrate the generalizability of our proposed
CoR. Also, the studied intentions may not cover
all types of revisions, e.g., lexical and sentence-
reordering revisions, which could be extended in
future work. Although we visualized dynamic revi-
sion orders (steps) selected by the LLMs, a more
detailed analysis of why a specific revision order
was preferred could further explain the dynamics
of revision iterativeness and could also be our fu-
ture work. In addition, we compare CoR with an
agent-based planner-executor framework adapted
from Cao and Ng (2025). We only experiment
with closed-source GPT-5.2 through API calls due
to computational constraints, which obtains Aver-

age scores of 46.19 and 40.05, compared to CoR
scores of 50.66 and 42.56, for IteraTeR-multi and
ParaRev-multi, respectively. This might be because
agent-based frameworks are less interpretable and
controllable, as the revision planning process might
not be well justified; thus, an improved agent frame-
work could be a focus of our future investigation.

Complexity. Regarding the complexity, our
CoR method would require more tokens than holis-
tic prompts, since additional reasoning and judg-
ment are needed, as indicated in the prompt ex-
amples in Appendix A.3. For instance, GPT-5.2
with the Azure Foundry API requires an average of
741 tokens for the holistic, 754 tokens for the CoT,
and 1,579 tokens for the CoR without intermediate
revision outputs, while running on the examples
from the IteraTeR-multi dataset. However, their
response time remains close, e.g., 3.5, 3.3, and 3.4
seconds per example for the holistic, CoT, and our
CoR, respectively, even though the CoR has dou-
bled token assumptions. Additionally, given that
the orders of revision chains grow exponentially,
e.g., 5 intentions would have 120 different orders,
scaling to longer revision chains would require sub-
stantial tokens. Therefore, future work could focus
on pruning revision chains to drop useless orders.

Revision Chain. In terms of the case study
on the revision chains, we focus on 3 intentions,
e.g., clarity-coherence-meaning for IteraTeR-multi
and concision-content-rewrite for ParaRev-multi.
These subsets are small, with seven IteraTeR exam-
ples and six ParaRev examples, because each ex-
ample in the full datasets contains a different num-
ber of intentions, e.g., 2-intent, 3-intent, 4-intent,
etc., and a different combination of intentions, e.g.,
clarity-coherence-meaning and fluency-coherence-
meaning being both 3-intent chains. Even when the
number and set of intentions are fixed, different or-
derings create additional chain permutations, e.g.,
clarity-coherence-meaning and clarity-meaning-
coherence. Such degrees of complexity make it
a particularly challenging low-resource task. In
future work, we could prune the permutations of
the revision chains. For example, we could add
human-preferred heuristics, e.g., coherence before
fluency and meaning before clarity, to remove cer-
tain chains.
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A Appendix

A.1 IteraTeR Dataset
The dataset IteraTeR (Du et al., 2022b) contains
revisions annotated from Wikipedia, arXiv, and
news articles. The annotation taxonomy includes:
• Fluency: the revision to fix grammatical errors

in the text.
• Coherence: the revision to make the text more

cohesive, logically linked, and consistent.
• Clarity: the revision to make the text more for-

mal, concise, readable, and understandable.
• Style: the revision to convey the writer’s writing

preferences, including emotions, tone, voice, etc.
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Split IteraTeR-multi ParaRev-multi Total
Add Delete Modify Add Delete Modify

Training 475 404 1,739 22 29 637 3,306
Evaluation 110 113 450 6 10 252 941

Total 585 517 2,189 28 39 889 4,247

Table 3: Data splits and the number of revisions in
IteraTeR-multi and ParaRev-multi datasets.

# of
intentions

# of
chains

IteraTeR-multi ParaRev-multi

Train Eval Total Train Eval Total

2 intentions 2!=2 93 9 102 149 64 213
3 intentions 3!=6 143 21 164 24 11 35
4 intentions 4!=24 86 19 105 - - -
5 intentions 5!=120 18 8 26 - - -

Total 152 340 57 397 173 75 248

Table 4: The number of intentions and the number of
permutations of their revision chains in IteraTeR-multi
and ParaRev-multi datasets.

• Meaning: the revision to update or add new in-
formation to the text.

• Other: the revisions that are not recognizable
and do not belong to the above intentions.

A subset IteraTeR-multi that contains examples
with at least one sentence-level revision involving
multiple intentions is created. The data statistics
and their intentions are included in Appendix Ta-
bles 3 and 4.

A.2 ParaRev Dataset

The dataset ParaRev (Jourdan et al., 2025) contains
revisions annotated from scientific paragraphs ex-
tracted from CASIMIR (Jourdan et al., 2024). The
annotation taxonomy includes:
• Rewrite: revisions involving minor word-choice

changes, complete sentence rephrasing, or sig-
nificant rephrasing affecting at least half of the
paragraph.

• Concision: the same idea stated more briefly by
removing unnecessary details.

• Development: the same idea expanded with ad-
ditional details or definitions.

• Content: modification of content through the
addition, substitution, or deletion of an idea or
fact.

• Unusable: issues due to document processing
errors, e.g., segmentation problems, misaligned
paragraphs, or footnotes mixed with the text.
A subset ParaRev-multi that contains examples

with multi-intent revisions is created. The data
statistics and their intentions are included in Ap-
pendix Tables 3 and 4.

Baseline Holistic

Revise the following text to address its issues in sentence(s)
{sentence ids}. Only focus on these sentence(s) and keep
others unchanged. The issues include: {I: the intention(s)
to revise the text}
I1: The revision needs to fix grammatical errors in the text
(fluency).
I2: The revision needs to make the text more formal, con-
cise, readable, and understandable (clarity).
I3: The revision needs to convey the writer’s writing pref-
erences, including emotions, tone, voice, etc. (style).
I4: The revision needs to update or add new information
to the text (meaning).
I5: The revision needs to make the text more cohesive,
logically linked, and consistent (coherence).

Here are the examples of the revisions {revision exem-
plars}.

Table 5: The holistic prompt that addresses all the re-
vision issues in a single pass. The prompt is based on
the IteraTeR-multi dataset that includes five intentions
(I1, I2, ..., I5). Note that the intention Ii included in
the prompt is determined by each instance and can vary
in different datasets.

A.3 Prompt Examples

Baseline Prompts. The holistic baseline prompt
uses a simple instruction, as shown in Appendix
Table 5, which provides multiple intentions to in-
struct LLMs to generate desirable revisions. Note
that we ask LLMs to focus on specific revision
sentences rather than every sentence in the docu-
ment, as LLMs are inclined to make excessive edits
across the document if no revision sentence id is
specified in our pilot studies, which could com-
promise the validity and reliability of the analysis.
In addition, we use chain-of-thought prompt (Wei
et al., 2022) to instruct the LLMs to decompose
the revision process into steps, as shown in Ap-
pendix Table 6, which drives LLMs to think and
plan before generating revisions.

CoR Prompts. Our proposed CoR prompt in-
cludes three components: (1) the intention infor-
mation to instruct the LLMs to focus on specific
intentions while generating the text. (2) the revision
order (revision chain) options, which specifically
provide all the permutations of the given intention
list. Note that the length of the intention list varies
case by case, given that different intentions are in-
cluded in each example. Appendix Table 4 shows
the number of possible revision chains in differ-
ent cases, where 3-intent revisions have 6 orders,
and 5-intent revisions have 120 orders. This sug-
gests the complexity of the revision itself and also
various ways to revise the text. (3) instruction to
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Baseline CoT

Revise the following text to address its issues in sentence(s)
{sentence ids}. Only focus on these sentence(s) and keep
others unchanged. The issues include: {I: the intention(s)
to revise the text}
I1: The revision needs to fix grammatical errors in the text
(fluency).
I2: The revision needs to make the text more formal, con-
cise, readable, and understandable (clarity).
I3: The revision needs to convey the writer’s writing pref-
erences, including emotions, tone, voice, etc. (style).
I4: The revision needs to update or add new information
to the text (meaning).
I5: The revision needs to make the text more cohesive,
logically linked, and consistent (coherence).

Here are the examples of the revisions {revision exem-
plars}.
You need to think step by step.

Table 6: The chain-of-thought prompt that addresses
all the revision issues in a single pass. The prompt is
based on the IteraTeR-multi dataset that includes five
intentions (I1, I2, ..., I5). Note that the intention Ii
included in the prompt is determined by each instance.

CoR with Fixed Order

Revise the following text to improve its {label_set} in
sentences {sent_id_set}. Only focus on the sentences
{sent_id_set}. Keep other sentences unchanged.

Revision Order. You need to revise in the following order:
I1, I2, ..., I5

Revision Intentions.
I1: The revision needs to fix grammatical errors in the text
(fluency).
I2: The revision needs to make the text more formal, con-
cise, readable, and understandable (clarity).
I3: The revision needs to convey the writer’s writing pref-
erences, including emotions, tone, voice, etc. (style).
I4: The revision needs to update or add new information
to the text (meaning).
I5: The revision needs to make the text more cohesive,
logically linked, and consistent (coherence).

Instructions. Output the revised full text. Do not output
your thinking.

Exemplars. Here are the examples of the revisions:
{revision exemplars}.

Table 7: The chain-of-revision prompt that selects a
fixed revision order over the intention set and produces
the revised text. The prompt is based on the IteraTeR-
multi dataset that includes five intentions (I1, I2, ..., I5).
Note that the intention description will be different in the
ParaRev-multi dataset. Also, the intention Ii included
in the prompt is determined by each instance.

help LLMs select optimal orders, which is based on
high-level revision heuristics that could minimize
back-and-forth editing (Faigley and Witte, 1981)
and avoid overwriting and vandalizing other revi-
sion aspects (Skitalinskaya and Wachsmuth, 2023).

CoR with Dynamic Orders

Revise the following text to improve its {label_set} in
sentences {sent_id_set}. Only focus on the sentences
{sent_id_set}. Keep other sentences unchanged.

Revision Order Options. You have the following revision
order options:
Revision Order:
{permutation of the given intentions I1, I2, ..., I5

I1->I2->I3->I4->I5

I1->I2->I3->I5->I4

I1->I2->I5->I3->I4

...}

Revision Intentions.
I1: The revision needs to fix grammatical errors in the text
(fluency).
I2: The revision needs to make the text more formal, con-
cise, readable, and understandable (clarity).
I3: The revision needs to convey the writer’s writing pref-
erences, including emotions, tone, voice, etc. (style).
I4: The revision needs to update or add new information
to the text (meaning).
I5: The revision needs to make the text more cohesive,
logically linked, and consistent (coherence).

Instructions. Each revision order option will have a dif-
ferent revised text result. Evaluate which revision order
option is the most promising to have an optimal revised
text. The promising order could minimize back-and-forth
editing and avoid overwriting and vandalizing other revi-
sion aspects. Analyze the revision orders in each option in
detail, and think step by step. Output the revised full text.
Do not output your thinking.

Exemplars. Here are the examples of the revisions:
{revision exemplars}.

Table 8: The chain-of-revision prompt that selects an op-
timal revision order over the intention set and produces
the revised text. The prompt is based on the IteraTeR-
multi dataset that includes five intentions (I1, I2, ..., I5).
Note that the intention description will be different in
the ParaRev-multi dataset. Also, the intention Ii in-
cluded in the prompt is determined by each instance.

We include a fixed order prompt based on Li et al.
(2026) in Appendix Table 7 for comparison to the
dynamic order prompt in Appendix Table 8 as well
as visualized revision chains using the dynamic or-
der prompt with intermediate results in Appendix
Table 9.

LLM Judges. We include an LLM-as-a-revision-
judge prompt to provide alternative revision met-
rics. Specifically, it evaluates a model revision
by comparing the edits in the predicted revision
with those in the gold revision, given the origi-
nal text and the specified revision intention. The
prompt first asks the judge to identify span-level
edit alignment through three operations: keep,
delete, and add based on SARI (Xu et al., 2016),
where alignment depends on matching spans but
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CoR with Dynamic Orders and Intermediate Revisions

Revise the following text to improve its {label_set} in
sentences {sent_id_set}. Only focus on the sentences
{sent_id_set}. Keep other sentences unchanged.

Revision Order Options. You have the following revision
order options:
Revision Order:
{permutation of the given intentions I1, I2, ..., I5

I1->I2->I3->I4->I5

I1->I2->I3->I5->I4

I1->I2->I5->I3->I4

...}

Revision Intentions.
I1: The revision needs to fix grammatical errors in the text
(fluency).
I2: The revision needs to make the text more formal, con-
cise, readable, and understandable (clarity).
I3: The revision needs to convey the writer’s writing pref-
erences, including emotions, tone, voice, etc. (style).
I4: The revision needs to update or add new information
to the text (meaning).
I5: The revision needs to make the text more cohesive,
logically linked, and consistent (coherence).

Instructions. Each revision order option will have a dif-
ferent revised text result. Evaluate which revision order
option is the most promising to have an optimal revised
text. The promising order could minimize back-and-forth
editing and avoid overwriting and vandalizing other revi-
sion aspects. Analyze the revision orders in each option
in detail, and think step by step. Output the revised full
text. Do not output your thinking. Use the following JSON
format to output your revised text.
{ "order": <the revision order>
"intermediate_revision": <the intermediate
revisions for each step in the revision order>,
"output": <revised full text>, }

Exemplars. Here are the examples of the revisions:
{revision exemplars}.

Table 9: The chain-of-revision prompt that selects an
optimal revision order and generates intermediate re-
visions and final revised text. The prompt is based on
the IteraTeR-multi dataset that includes five intentions
(I1, I2, ..., I5). Note that the intention description will
be different in the ParaRev-multi dataset. Also, the in-
tention Ii included in the prompt is determined by each
instance.

also on whether the edits fulfill the same intended
purpose. Note that we do not specify the modifi-
cations revisions as additions and deletions cover
those edits. Afterward, it scores the aligned edits
along two independent dimensions: surface, cover-
ing linguistic quality such as word choice, grammar,
syntax, expression, and tone, and content, cover-
ing facts, claims, meaning, ideas, and information.
Finally, the judge assigns separate 0-4 scores with
brief rationales in a strict format. We normalize
the scores in our reports. The surface and content
judge prompt is shown in Appendix Table 10. In
addition, we use another LLM judge for a pair-

LLM-as-a-Revision-Judge (Surface and Content)

You are an expert revision evaluator. Four texts are given:
revision intention (the purpose or motivation of the revi-
sion), original (the source text before revision), gold re-
vision (the human reference revision of the original), and
predicted revision (the model’s predicted revision of the
original).

Task. Judge how closely the predicted revision matches
the gold revision based on the given revision intention. The
comparison is edit-vs-edit: compare the changes made by
the gold revision to the original with the changes made by
the predicted revision to the original. Do not compare the
revisions as standalone texts only; compare their intended
edits relative to the original and gold revision.

Span-level Revision Operations. First, identify alignment
through the following operations: KEEP, text from the
original that the revision retains; DELETE, text from the
original that the revision removes; and ADD, new text
that the revision introduces. A predicted revision aligns
with the gold revision when both revisions perform the
same operation on the same span for the same dimension-
relevant reason. Reward matches; penalize misses, where
the gold edits are ignored, and over-revisions, where the
prediction edits spans the gold did not edit. Alignment
should consider meaning and intention, not only n-gram or
string overlap.

Dimensions. Score the quality of the identified spans along
two independent dimensions. SURFACE measures linguis-
tic quality, including word choice, grammar, syntax, ex-
pression, and tone. CONTENT measures content quality,
including facts, claims, meaning, ideas, and information.

Shared 0–4 Scale.
4: Near-perfect. Almost all predicted edits match the gold
edits; divergences are trivial (∼≥ 80% alignment).
3: Strong. Most predicted edits match the gold edits, with
a few extra or missing edits (∼ 60–79% alignment).
2: Moderate. About half of the predicted edits match the
gold edits, with about half missing or extra edits (∼ 40–
59% alignment).
1: Weak. Most predicted edits do not match the gold edits,
though a few overlaps exist (∼ 20–39% alignment).
0: Misaligned. Most predicted edits do not match the gold
edits, and the divergence is significant (< 20% alignment).

Inputs. revision intention: {revision_intention};
original: {original_text}; gold revision:
{gold_revised_text}; predicted revision:
{predicted_revised_text}.

Output (strict JSON).
{"surface":{"score":0–4,"rationale":"..."},
"content":{"score":0–4,"rationale":"..."}}

Rules. Score the SURFACE and CONTENT dimensions
independently. Do not let one dimension’s score influence
the other. Each dimension’s score is governed by alignment
across KEEP, DELETE, and ADD operations, not by only
one operation type. When in doubt between two scores,
choose the lower one. Do not output anything outside the
valid JSON object.

Table 10: The LLM-as-a-revision-judge prompt for scor-
ing a predicted revision against a gold revision along
surface and content dimensions.

wise comparison between two revision methods.
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LLM-as-a-Revision-Judge (Pairwise Comparison)

You are an expert revision evaluator. Five texts are given:
revision intention (the purpose or motivation of the revi-
sion), original (source text before revision), gold revision
(human reference revision), candidate A predicted revision
(model A revision), and candidate B predicted revision
(model B revision).

Task. Compare candidate A predicted revision and can-
didate B predicted revision, and decide which one better
matches the gold revision based on the given revision inten-
tion. The comparison is edit-vs-edit: compare the changes
made by gold revision to original with the changes made
by each candidate to original. Do not compare the candi-
dates as standalone texts only; compare their intended edits
relative to original and gold revision.

Labels.
"A_win": Candidate A predicted revision is clearly better
aligned with the gold revision.
"B_win": Candidate B predicted revision is clearly better
aligned with the gold revision.
"tie": both candidates are similarly aligned, or the differ-
ence is too small to confidently choose a winner.

Important. A candidate wins only if it is meaningfully
better than the other candidate. Use "tie" when both
candidates make similar edits, have similar errors, or differ
only trivially. Do not reward a candidate for making a good
revision if it does not match the gold revision’s intended
edit.

Inputs. revision intention: {revision_intention};
original: {original_text}; gold revision:
{gold_revised_text}; candidate A predicted revi-
sion: {candidate_a_text}; candidate B predicted
revision: {candidate_b_text}.

Output (strict JSON).
{"result":{"winner":"<A_win | B_win | tie>",
"rationale":"<1-2 sentences explaining which

candidate better matches the gold edits>"}}

Rules. Judge the candidates based on alignment with the
gold revision under the given revision intention. Use "tie"
if neither candidate is clearly better. Do not infer which
candidate is the proposed method or baseline. Do not let
candidate order influence the judgment. Output only the
valid JSON object.

Table 11: The LLM-as-a-revision-judge prompt for pair-
wise comparison between two candidate revisions.

The judge decides which method wins or loses, or
both methods are tied, based on alignment with
the gold revision under the given revision intention,
since intentions are important perspectives for the
generated revisions (Liu, 2025; Liu and Litman,
2026). The pairwise judge prompt is described in
Appendix Table 11.

A.4 Revision Analysis

Metric Comparison. We compare the different
revision metrics in Figure 5. It shows that the hu-
man revision paraphrases the text “important for
choosing” to “of primary importance for choosing”,

Existing Revision Metrics: SARI=28.87, GLEU=0, Update-R=30.00
LLM-as-a-Revision-Judge Metrics: Surface=75%, Content=75%

Human Revision [Content and Rewrite]: 
Fig. 3a shows that the first two components take about 90% of the 
explained variance. Fig. 3b shows that these components include only 
τ 1 , avg degree, and modularity. The fact that n is not used means that 
the size of the graph as well as the density are not important of 
primary importance for choosing the best measure. The fact that So is 
not τ 2 is not used means measuring that the difference in sizes
diversity of clusters is not important, too cluster sizes.

LLM with CoR Revision [Content and Rewrite]:
Fig. 3a shows that the first two components take about 90% of the 
explained variance. Fig. 3b shows that these components include only 
τ 1 , avg degree, and modularity. The fact This suggests that n is not 
used means that neither the size number of the nodes (n) nor overall 
graph as well as density meaningfully influences the density are not 
important for choosing selection of the best measure. The fact that τ 2 
is not used means that the difference in sizes of clusters is not
important, too.

Figure 5: The comparison between existing revision
metrics (SARI, GLEU, Update-R) and our proposed
LLM-as-revision-judge scoring metrics. The revisions
are generated by GPT-5.2 with CoR and zero-shot learn-
ing on the ParaRev-multi dataset.

while the LLM revises it to “meaningfully influ-
ences the selection of”. Both revisions are success-
ful with respect to the rewrite intention. Although
the LLM-generated revisions differ from the human
revisions in wording, the revised texts are semanti-
cally close. However, conventional revision metrics
use n-grams for evaluating the matches, yielding
lower scores, e.g., SARI (28.87), than those re-
ported for GPT-5.2 in Table 1. In contrast, our pro-
posed LLM-as-a-revision-judge metrics score 75%
for both the surface and content revisions, higher
than the LLM judge scores in Table 1, suggest-
ing relatively high-level overlaps on semantics and
intentions. This example demonstrates the advan-
tages of our proposed surface and content metrics
in assessing complex revisions.

Retriever Examples. Although a semantic re-
triever can retrieve examples with similar seman-
tic meaning, these examples may involve different
revision intentions and therefore provide limited
guidance for the target revision. In other words,
the quantity of the exemplar does not compensate
for the quality of the exemplars, and more shots
would have a higher chance of including unhelp-
ful examples with low similarity scores, as shown
in Appendix Figure 6. In contrast, an intention-
adaptive retriever retrieves examples with more
closely matched revision purposes, driving LLMs
to generate useful outputs for intention-aware revi-
sion. While helpful, an intention-adaptive retriever
may sometimes retrieve examples that are semanti-
cally less similar. Therefore, further study on the
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Semantic-Retriever (3-shot):

Intentions: Fluency, Clarity

#1 Retrieved Intention: clarity (similarity score: 0.90)
In this work paper , we pre-train a Gigawor-based bilingual language model 
(GigaBERT) to study these two distant languages as well as zero-short transfer 
learningon various IE tasks.

# 2 Retrieved Intention: clarity (similarity score: 0.87)
Arabic is a morphological rich language, posing many challenges for information 
extraction (IE) tasks, including Named Entity Recognition (NER) , Part-of-Speech 
tagging (POS), Argument Role Labeling (ARL), and Relation Extraction (RE). A 
few multilingual Multilingual pre-trained models have been proposed and show 
good performance for Arabic, however, most experiment results are reported on 
language understanding tasks, such as natural language inference, question 
answering and sentiment analysis.

#3 Retrieved Intention: Meaning (similarity score: 0.83)
In this work , we pre-train a Gigaword-based customized bilingual language model 
(GigaBERT) to BERT , dubbed GigaBERT, that is designed specifically for Arabic 
NLP and English-to-Arabic zero-shot transfer learning. We study these two distant 
languages as well as GigaBERT's effectiveness on zero-short transfer learningon 
various across four IE tasks. : named entity recognition, part-of-speech tagging, 
argument role labeling, and relation extraction. Our GigaBERT best model 
significantly outperforms multilingual BERT mBERT, XLM-RoBERTa, and and 
monolingual AraBERT on these tasks (Antoun et al., 2020),  in both the supervised 
and zero-shot learning settings. footnote We have made our pre-trained models 
publicly available at URL

Intention-Retriever (3-shot):

Intentions: Fluency, Clarity

#1 Retrieved Intention: clarity (similarity score: 0.90)
In this work paper , we pre-train a Gigawor-based bilingual language model 
(GigaBERT) to study these two distant languages as well as zero-short transfer 
learningon various IE tasks.

# 2 Retrieved Intention: clarity (similarity score: 0.87)
Arabic is a morphological rich language, posing many challenges for 
information extraction (IE) tasks, including Named Entity Recognition (NER) , 
Part-of-Speech tagging (POS), Argument Role Labeling (ARL), and Relation 
Extraction (RE). A few multilingual Multilingual pre-trained models have 
been proposed and show good performance for Arabic, however, most 
experiment results are reported on language understanding tasks, such as 
natural language inference, question answering and sentiment analysis.

#3 Retrieved Intention: clarity (similarity score: 0.60)
Our GigaBERT outperforms multilingual BERT and and monolingual 
AraBERT on these tasks, in both supervised and zero-shot learning transfer
settings. footnote We have made our pre-trained models publicly available at 
URL.

Figure 6: The Intention-Retriever retrieved unhelpful examples with low similarity scores, while the Semantic-
Retriever includes an irrelevant intention example in the IteraTeR-multi dataset.

Step3: Coherence

Vision, a central component of human perception, 
plays a fundamental role in shaping natural 
language and conceptual meaning. To better 
understand how text models relate to visual 
perception, we propose a method for quantifying 
the alignment between neural representations 
derived from words in text and objects in images. 
Our approach uses Specifically, we use a 
lightweight probing model that learns to map 
language representations of concrete words into 
the visual domain.

Step2: Meaning

Vision, a central component of human perception, 
plays a fundamental role in shaping natural 
language. and conceptual meaning. To better 
understand how text models relate to visual 
perception, we propose a method for measuring 
similarities quantifying the alignment between 
neural representations derived from words in text 
and objects in images. Our approach uses a 
lightweight probing model that learns to map 
language representations of concrete words into the 
visual domain.

Step1: Clarity

Vision, as a central component of human 
perception, plays a fundamental role in shaping 
natural language . To better understand how text 
models are connected relate to our visual 
perceptions , we propose a method for examining 
the measuring similarities between neural 
representations extracted derived from words in text 
and objects in images . Our approach uses a 
lightweight probing model that learns to map 
language representations of concrete words into the 
visual domain.

Step3: Clarity

Vision, as a central component of human 
perception, plays a fundamental role in shaping 
natural language. To better understand how text 
models relate to human visual perception, we 
propose a method for measuring the to measure
alignment between neural representations 
extracted from words in text and object 
representations in images. Specifically, we test 
whether contextualized embeddings for concrete 
nouns encode information that can be linearly 
recovered to match visual features.

Step2: Coherence

Vision, as a central component of human 
perception, plays a fundamental role in shaping 
natural language. To better understand how text 
models relate to human visual perception, we 
propose a method for measuring the alignment 
between neural representations extracted from 
words in text and object representations in images. 
Specifically, we examine test whether 
contextualized embeddings for concrete nouns 
encode information that can be linearly recovered 
to match visual features.

Step1: Meaning

Vision, as a central component of human 
perception, plays a fundamental role in shaping 
natural language . To better understand how text 
models are connected relate to our human visual 
perceptions , perception, we propose a method for 
examining measuring the similarities alignment
between neural representations extracted from 
words in text and objects representations in images .
Specifically, we examine whether contextualized 
embeddings for concrete nouns encode information 
that can be linearly recovered to match visual 
features.

Figure 7: The comparison between revisions using clarity-meaning-coherence and meaning-coherence-clarity
chains in the IteraTeR-multi dataset.

helpful retrieving examples would be future work.
Revision Chains. We analyze the impact of dif-

ferent revision chains on the same text in Appendix
Figure 7, using CoR prompt with intermediate re-
vision outputs5, as described in Appendix Table 9.

5While the CoR prompt with intermediate revision outputs
in Appendix Table 9 is slightly different from the one without
intermediate outputs in Appendix Table 8, their performance
are close, e.g., GPT-5.2 with CoR achieving 50.20 Average
score on IteraTeR-multi using the former prompt, compared
to reported 50.66 in Table 1 with the latter one.

Several intermediate revision results indicate con-
sistency in clarity and meaning, as the revisions
are identical even though they occur in different
chains, e.g., “as” was deleted in both clarity re-
visions and “similarities” was revised to “align-
ment” in both meaning revisions in the two chains.
Also, it shows that conducting meaning revisions
might overwrite revisions made in clarity, e.g., the
edit from “examining the similarities” to “measur-
ing similarities” in the clarity step in the revision
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Figure 8: The revision steps (chains) generated by GPT-
5.2 with zero-shot learning and CoR on the IteraTeR-
multi (upper) and ParaRev-multi (lower) datasets.

chain clarity-meaning-coherence was later revised
to “quantifying the alignment” in the meaning step.
Again, conducting a coherence revision after the
meaning would also likely alter the content, e.g.,
the text “our approach uses a lightweight probing”
was modified to “we use a lightweight probing”.
These results suggest that revisions are dynamic,
sometimes back-and-forth, and the revision order
is important for generating successful revisions.
Moreover, we visualize the revision chains with
different chain lengths. Appendix Figure 8 shows
that clarity and coherence are mostly the initial
steps for IteraTeR-multi, and content and rewrite
are preferred for ParaRev-multi6. Although these
dynamic chains adapt to different inputs, they be-
come increasingly complex as they grow longer;
thus, developing automated methods to prune re-
dundant steps is a promising direction for future
work.

Revision Errors. While our proposed CoR mod-
els the dynamics of iterative revision, typical revi-
sion errors are observed in the revision chains. Ap-
pendix Figure 9 illustrates three types of revision
errors: hallucination, mismatch, and excessiveness.
For example, the hallucinated revision, which aims
to revise based on the meaning intention, added

6The chain orders may differ across runs, as LLMs may
select different chains to achieve similar performance.

Hallucination [Meaning]
In sequence-to-sequence learning, the decoder relies on the attention 
mechanism to efficiently extract information from the encoder., and 
recent studies show that attending to multiple encoder layers can 
improve both representation utilization and translation quality. While 
it is common practice to draw information from only the last encoder 
layer, recent work has proposed to use representations from different 
encoder layers for diversified levels of information.

Mismatch [Coherence]
This paper presents a new method, SOLOIST , which uses transfer 
learning to efficiently build task-oriented dialog systems at scale. We 
parameterize a the dialog system using with a Transformer-based 
auto-regressive autoregressive language model, which subsumes that 
unifies different dialog modules (e.g., state tracker tracking, dialog 
policy, and response generator generation) into a single neural model.

Excessiveness [Fluency]
In between During the wait, Carter was flying flew with the UN for 
one day to Juba in sSouth Sudan to take photos 
of photograph a barge, with carrying food aid for the region . But 
soon the situation changed again. Soon, however, the situation 
changed again.

Figure 9: The examples of typical revision error types
with respect to intentions, including hallucinated, mis-
matched, and excessive revisions generated by GPT-5.2
with CoR and zero-shot learning on the IteraTeR-multi
dataset.

a sentence fabricated from information in the fol-
lowing sentence, without supporting evidence. Al-
though another example with mismatched revision
slightly improved the text quality, it did not match
the coherence intention and instead did a clarity
revision. Also, the excessive revision for fluency
made unnecessary edits, e.g., replacing “was flying”
with “flew” and introducing redundant text, e.g.,
“the situation changed again”; such over-editing
could reduce its alignment with real human revi-
sions. Therefore, future work addressing these re-
vision errors could improve the effectiveness of
CoR and help to understand the iterativeness of
revisions.
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