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Abstract

Despite the growing adoption of large language
models (LLMs) in academic workflows, their
capabilities remain limited in supporting high-
quality scientific writing. Most existing sys-
tems are designed for general-purpose scien-
tific text generation and fail to meet the sophis-
ticated demands of research communication
beyond surface-level polishing, for example,
maintaining conceptual coherence across sec-
tions. Furthermore, academic writing is inher-
ently iterative and revision-driven, a process
that is not well supported by direct prompting-
based paradigms. To address these scenarios,
we propose a human-AI collaboration frame-
work for academic paper revision, centered on
criteria-guided intent alignment and context-
aware modeling. To validate the framework,
we curate a dataset of 7,000 research papers
from top-tier venues, annotated with 140,000
instruction–response pairs that reflect realistic,
section-level scientific revisions. We instanti-
ate the framework in XtraGPT, the first suite of
open-source LLMs (1.5B to 14B parameters)
specifically fine-tuned for context-aware aca-
demic paper revision. Extensive experiments
show that XtraGPT significantly outperforms
same-scale baselines and rivals the quality of
proprietary counterparts. Both automated pref-
erence assessments and human evaluations con-
firm the effectiveness of XtraGPT in improving
scientific drafts.

1 Introduction

Large language models (LLMs) are increasingly
embedded in cognitively demanding workflows,
particularly in scientific domains such as hypothe-
sis generation (Zhou et al., 2025), proposal writing
(Gottweis et al., 2025), and literature review (Asai
et al., 2024). While some applications focus on gen-
erating scientific content from scratch (Weng et al.,
2025; Yamada et al., 2025; Wang et al., 2025a)
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Figure 1: (Left) Overview of the academic paper re-
vision workflow comparing proprietary LLMs and our
method. (Right) An example of a poor revision gener-
ated by a proprietary LLM. A detailed case study of our
model XtraGPT is provided in Table 4.

(ethical concerns are discussed in Appendix 6), re-
searchers increasingly leverage LLMs as assistants
for refining their academic paper drafts. In this set-
ting, users request specific improvements (such as
enhancing clarity or strengthening the motivation),
and the model suggests revisions grounded in the
original draft, as illustrated in Figure 1 (a). This
human-AI collaborative revision process (Khalifa
and Albadawy, 2024; Naddaf, 2025) helps preserve
scientific originality while improving the clarity, co-
herence, and overall presentation of research ideas.

The prevailing mode of LLM-assisted paper re-
vision involves simply prompting models such as
GPT-4o (Hurst et al., 2024) through web interfaces.
This approach is effective for surface-level edit-
ing, but faces two key limitations in the context of
scientific writing. First, general-purpose LLMs
often lack explicit understanding of the deeper
structure and argumentative rigor required for
academic papers. As shown in Figure 1, when
prompted to revise an unclear motivation para-
graph, GPT-4o improved the fluency of the text but
failed to address the missing rationale, leaving the
revised version equally unpersuasive or, at times,
overly belabored in its points. Second, scientific
writing is inherently an iterative process (Mont-
gomery, 2017; Schimel, 2012) rather than generat-
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Table 1: Comparison of existing full-paper AI generation approaches across key dimensions: common quality issues,
use of In-Context Learning (ICL), specific writing tasks, controllability, inclusion of Human–AI Collaborative
(HAC) mechanisms, and whether the approach generates content from scratch. Controllability is defined as the
approach’s ability to adapt to user intent, provide fine-grained control over content generation, and support dynamic
interaction during the writing process. HAC mechanisms involve iterative processes where human modifications to
generated content are fed back into the model’s learning or generation, enabling ongoing collaboration beyond
one-off outputs without integrated feedback.

AI Generation Approach ICL Ctrl.HAC Quality Issues Task

PaperRobot (Wang et al., 2019) ✔ ✔ ✔ Not LLM based, bad QA quality Draft generation
August et al. (2022) ✗ ✗ ✗ Only definition Scientific definition generation
STORM (Shao et al., 2024) ✔ ✗ ✗ Biased & Factual hallucination Article writing from scratch
CO-STORM (Jiang et al., 2024) ✔ ✗ ✔ Lack of consistency Information-seeking assistance system
CycleResearcher (Weng et al., 2025) ✗ ✗ ✗ Reward hacking & Outdated Paper generation and rating cycle
Ifargan et al. (2024) ✗ ✔ ✔ From scratch Automatic stepwise research
Agent Lab (Schmidgall et al., 2025) ✗ ✗ ✗ Structure rigidity Report, experimentation, and writing
AI Scientist (Lu et al., 2024) ✗ ✗ ✗ No control idea Review and idea
Wang et al. (2025a) ✗ ✔ ✔ From scratch Survey
XtraGPT suite ✔ ✔ ✔ Controllable revision Paper revision

ing from scratch. Authors revise their work over
multiple rounds of drafting, incorporating feedback
and improving content in a context-sensitive man-
ner. Current LLM workflows do not naturally sup-
port this iterative nature (Wang et al., 2026). They
treat each prompt in isolation and lack mechanisms
for tracking changes or maintaining context across
revision cycles. This limits their effectiveness in
real-world scientific authoring scenarios.

Human-AI Collaborative (HAC) paper revision
demands an instruction-driven, fine-grained pro-
cess that aligns closely with established norms of
scientific writing. These norms are often formal-
ized in detailed guidelines issued by top-tier con-
ferences, such as the ICLR reviewer guide (ICLR,
2025). While recent studies have explored re-
lated tasks including end-to-end article generation
(Weng et al., 2025), idea generation (Ghafarollahi
and Buehler, 2024), automated paper evaluation
(Zhu et al., 2025), and grammar correction (van
Zeeland, 2023), they do not explicitly model the
rationale-driven, feedback-centric nature of scien-
tific revision. Specifically, they lack controllability
in three key aspects: (1) following in-context ex-
amples, (2) adhering to user instructions, and (3)
generating outputs that conform to explicit writing
criteria. As a result, their generated content of-
ten suffers in clarity, coherence, or alignment with
scholarly standards, as summarized in Table 1.

To make LLMs more effective and accessible for
scientific writing support, we propose a framework
in which human authors retain creative control by
generating ideas and drafting content, while LLMs
act as targeted assistants that provide context-aware

revisions. Our goal is to assist authors in producing
improved writing while keeping the additional over-
head of the writing process minimal. In Section 2,
we detail the high-level principles and methodologi-
cal design, emphasizing post-training for enhanced
in-context learning (ICL) to enable controllable,
iterative revisions via human-AI collaboration. On
the data collection protocol, to simulate real-world
scientific revision needs, each revision is guided
by one of 20 section-level criteria informed by au-
thoritative writing guides (Widom, 2006) and ex-
pert revisions contributed by experienced AI re-
searchers (see Table 2). These pairs cover a di-
verse range of instruction-driven, section-specific
edits grounded in realistic revision scenarios. Fur-
thermore, we provide an evaluation framework to
measure the controllability and effectiveness using
length-controlled LLM-as-a-Judge, allowing future
developments to be benchmarked and justified.

We curate ReviseQA (Section 3), a compre-
hensive dataset comprising 7,000 research papers
from top-tier venues, annotated with 140,000 high-
quality instruction–revision pairs. Building on
ReviseQA, we introduce XtraGPT, the first family
of open-source LLMs designed to support human-
in-the-loop scientific writing, ranging from 1.5B
to 14B parameters. Inspired by the modularity
and interactivity of modern code editors (Cursor,
2024), XtraGPT allows users to revise specific sec-
tions of a paper through instructions tied to writing
goals (e.g. improving clarity, tightening motiva-
tion). By training on the criteria-guided ReviseQA
dataset, XtraGPT internalizes the structural expec-
tations and rhetorical strategies characteristic of
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Figure 2: Overview. The post-training pipelines enable controllable, section-level, fine-grained paper revision.

top-tier publications. This enables the model to
produce revisions that uphold academic rigor in
alignment with real-world authoring workflows.

We validate the effectiveness of XtraGPT with
both quantitative and qualitative evaluations. LLM-
as-a-Judge results using length-controlled win rates
show our revisions are consistently preferred over
the original drafts. Model comparisons reveal that
XtraGPT outperforms baselines, with the 7B vari-
ant matching GPT-4o-mini and the 14B variant
surpassing it. Human evaluations confirm that
XtraGPT produces rationale-aligned improvements
that users are willing to adopt; furthermore, the
significant rise in rating predictions implies that
incorporating these revisions leads to measurable
gains in overall quality, with the predicted over-
all rating increased 0.65±0.15 from 6.08 to 6.73
(p<0.001).

2 Methodology

To enable LLMs to function as effective collab-
orators in academic writing, we propose a post-
training framework designed to address the core
challenges of context-awareness and controllability
(in Figure 2). This section outlines the problem for-
mulation, the guiding principles of our framework,
and the corresponding training objective.

2.1 Problem Formulation
The task of controllable academic paper revision
can be formally defined as follows. Given a full
paper draft T , a specific paragraph p ⊂ T to be
revised, and a natural language instruction q from
the author detailing the desired improvement, the
goal is to generate a revised paragraph p̂ that not
only satisfies the instruction q but also maintains
coherence with the global context T . The model,
parameterized by θ, must learn the mapping:

p̂ = Modelθ(p, q, T )

The key challenge lies in training Modelθ to ef-
fectively use the rich, structured information within
T and q to produce high-quality, targeted revisions.

2.2 Guiding Principles

Our framework is built upon Human-AI Collabo-
ration (HAC) as a foundational design philosophy
rather than a standalone technical contribution.
HAC represents our conceptual stance (more in
Section 6): instead of pursuing full automation,
which risks stifling originality, we cast the LLM
as an assistant that augments authorial capabili-
ties. In this paradigm, the human author directs
the intellectual core (ideas, arguments, and initial
drafts) while AI executes targeted, context-aware
refinements based on specific instructions. This pre-
serves authorial control and turns revision into an
efficient, structured content. The philosophy is real-
ized through two fundamental technical principles
designed to make AI a more effective collaborator:

Criteria-Guided Intent Alignment. Author in-
structions are often high-level, possibly muddled,
and tied to established norms of academic writ-
ing (e.g., "strengthen the contribution," "clarify
the methodology"). To make such instructions ac-
tionable for an LLM, our second principle is that
training data must be structured around a pre-
defined set of academic writing criteria C. These
criteria, derived from authoritative writing guides
and reviewer guidelines, serve as a bridge between
abstract authorial intent and concrete textual modi-
fications. By training on instruction-revision pairs
that are explicitly linked to these criteria (e.g., q
is an instantiation of a criterion c ∈ C), the model
learns to associate specific types of requests with
corresponding revision strategies. This ensures con-
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Table 2: Section-level revision criteria covering six key
components of scientific papers.

Aspect Comments

Title Consistency and Alignment of Title with Content
Conciseness and Clarity of Title

Abstract

Clarity and Impact of the Conclusion
Motivation and Purpose in the Abstract
Explanation of Existing Solutions and Research Gap
Clarity and Adequacy of Proposed Solutions

Introduction

Strength and Clarity of Motivation in the Introduction
Review of Existing Approaches in Introduction
Audience Alignment and Appropriateness
Clarity and Visibility of Contributions
Clarity and Specificity of Problem Definition
Integration of State-of-the-Art in Problem Framing

Background
Contextual Relevance and Clarity of Background
Coverage of Key Preliminary Concepts
Clarity and Consistency of Terminology

Evaluation
Experimental Setup Clarity and Reproducibility
Depth and Clarity of Figures and Tables Analysis
Experimental Support for Main Innovations

Conclusion Broader Impact and Future Directions
Clarity and Impact of Key Innovations and Findings

trollability by aligning the model’s behavior with
the structured, goal-oriented nature of writing.

Context-Aware Modeling. To perform meaning-
ful revisions, a model must understand a para-
graph’s function within the entire document. A
requested change to the ‘Motivation‘ section in the
introduction requires different considerations than
a change to an ‘Analysis‘ paragraph in the evalua-
tion section. Our framework’s principle is that the
full document context T must be an explicit in-
put to the model during training and inference.
This forces the model to learn representations that
are conditioned on the global narrative, structure,
and terminology of the paper, enabling it to gener-
ate revisions that are contextually consistent and co-
herent. This principle directly facilitates in-context
learning by providing the necessary scope for the
model to ground its revisions.

2.3 Criteria-Guided Revision Data Curation

Training effective models for scientific revision
requires more than surface-level language correc-
tion; it necessitates a deep understanding of what
constitutes a high-quality research paper. To sim-
ulate real-world revision needs and guide models
toward meaningful improvements, we define a set
of 20 section-level revision criteria, denoted by C
(see Table 2, Appendix G), spanning the six core
components: Title, Abstract, Introduction, Back-
ground, Evaluation, and Conclusion. These crite-
ria are grounded in authoritative scientific writing
guidelines (Widom, 2006) and have been further
revised through expert revisions by experienced AI
researchers.

Using these curated criteria, the instruc-
tion–revision pairs could target specific improve-
ments in selected paragraphs, enabling LLMs to
learn revision strategies aligned with established
standards of scientific communication.

2.4 Controllable Post-Training

To operationalize these principles, we formulate a
Controllable Post-Training (CPT) objective. We
create a dataset DCPT where each instance is a tu-
ple (q, T, p, p̂), curated according to the principles
above. The training objective is to maximize the
conditional log-likelihood of the target revision p̂
given the original paragraph p, the instruction q,
and the full paper context T :

LCPT(θ) = −E(q,T,p,p̂)∼DCPT
[logPθ(p̂ | q, T, p)]

From the perspective of generative model align-
ment via high-quality demonstrations, we can
observe the goal of optimization Pθ as Pθ(p̂ |
q, T, p)=

∑
c Pθ(p̂ |c, q, T, p)Pθ(c |q, T, p). Since

the instruction-revision pairs (q, p̂) in our dataset
are generated based on specific criteria c ∈ C, this
objective implicitly trains the model to approxi-
mate the distribution P (p̂ | q, T, p, c). This align-
ment with structured criteria is key to improving
the model’s controllability, its ability to follow in-
structions q, comply with section-level criteria C,
and maintain contextual consistency with T .

2.5 Evaluation Protocol

Previous work (Tan et al., 2025) has used surface-
level metrics such as ROUGE to evaluate full-text
generation alignment in AI-assisted research. How-
ever, unlike tasks with a single ground truth, aca-
demic revision is inherently subjective. Such met-
rics only assess lexical overlap and fail to cap-
ture instruction intent adherence, controllable re-
vision behavior, or overall, the semantic qual-
ity of improvements. Given the lack of estab-
lished benchmarks for controllable academic revi-
sion, we adopt preference-based evaluation, specif-
ically the Length-Controlled Win Rate (LC-
Win Rate) (Dubois et al., 2024), which allows
for comparative evaluation while accounting for
response length bias (Appendix H). Judgments
are provided by an automatic evaluator, in our
case, alpaca_eval_gpt4_turbo_fn (Zheng et al.,
2023), which achieves 68.1% agreement with hu-
man evaluations according to Tatsu-lab (2023). We
adapt the scoring prompts (Figure 7) and compari-
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son prompts (Figure 6) to focus on controllability
and alignment with instruction intent.

Why use LLM-as-a-Judge for controllable pa-
per revision? For subjective sequence-level tasks
such as paragraph rewriting, LLM-based evaluation
provides consistent and scalable feedback (e.g., on
controllability). This practice has proven effective
in the development of models such as InstructGPT
and ChatGPT. Prior work has shown that LLM
judges align well with human reviewers in research
settings (Lu et al., 2024). Compared to manual an-
notation, this approach offers faster feedback while
preserving evaluation quality.

Length-Controlled Win Rate Formulation. Let
m denote the target model and M denote a baseline
model. Let θ be the raw prediction score, and let zm
and zM denote their respective outputs given input
x. The length-controlled win rate is computed as:

qθ,ϕ,ψ(y = m | zm, zM , x) := logistic

θm−θM︸ ︷︷ ︸

model term

+ϕM,b ·tanh
(

len(zm)−len(zM )

std(len(zm)−len(zM ))

)

︸ ︷︷ ︸
length term




The instruction difficulty term in this work is
omitted to focus solely on the effectiveness of the
revisions. The final LC win rate is computed as:

winrateLC(m,M)=100·Ex[qθ,ϕ,ψ(y=m|zm,zM ,x)]

This formulation adjusts for output length vari-
ation, ensuring that model comparisons reflect ac-
tual quality improvements rather than superficial
verbosity.

3 Instantiation

To validate the framework proposed in Section 2,
we conducted a large-scale study. This section
details the specific implementation of our data cu-
ration process for model training, designed to serve
as a concrete testbed for our methodology. Beyond
standalone release, XtraGPT powers PaperDebug-
ger (Hou et al., 2026) as the refiner, a plugin provid-
ing real-time refinement directly within Overleaf.

ReviseQA Following the principles outlined
in our framework, we created ReviseQA, the
first large-scale dataset designed for controllable,
context-aware paper revision. The curation process
itself is a simulation of our envisioned Human-AI
Collaboration workflow, designed to capture the
essence of iterative, instruction-driven refinement.

Source Data Acquisition and Context Modeling.
To ensure the data reflects high-quality, contem-
porary scientific writing, we begin by collecting
all research papers submitted to ICLR 2024 via
the OpenReview API. Faced with practical con-
straints on time and computation, this selection
was motivated by ICLR’s high paper quality and
data transparency, and the timeliness of the 2024
dataset, as its guidelines had been updated and
2025 data was not yet released during our project.
Review statistics, including soundness, presenta-
tion, contribution, and overall ratings, are shown
in Figure 19, and the distribution of paper lengths
is presented in Figure 8. Among the submissions,
64.71% received reviewer replies, with 82.4% of
those discussions leading to a final decision. Based
on the parsed and filtered PDF files, the overall
acceptance rate was 36.3%.

After excluding 40 out of 7,040 excessively long
papers, we retained 7,000 valid submissions. Each
PDF was converted into structured markdown using
NOUGAT (Blecher et al., 2024), a deep learning-
based academic parser that outperforms prior rule-
based approaches, as demonstrated by Li et al.
(2024b). The resulting set of tokenizable paper
texts is denoted as T .

To ensure length consistency and content rele-
vance, we applied a post-processing step to remove
non-essential sections, such as acknowledgments
and references, retaining only the main body of
the paper. This allowed T to remain within the
maximum token limit of 16,384 tokens, making
it suitable for downstream modeling. To adhere
to our principle of Context-Aware Modeling, we
retained the main body of each paper as the full
context T , providing the AI with the same global
view a human collaborator would have.

Simulating Collaborative Interaction via
Criteria-Guided Curation. Using these curated
criteria in Table 2, we generate instruction–revision
pairs that target specific improvements in selected
paragraphs, enabling LLMs to learn revision
strategies aligned with established standards of
scientific communication. For each article T ∈ T ,
we sample user-identifiable paragraphs from the
aforementioned six core sections and generate
20 criterion-guided questions using carefully
constructed prompts. For each sampled paragraph
p ∈ T , we first generate an instruction query q
based on a selected criterion c ∈ C. Given the
full paper context T , we then use GPT-4o-mini,
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a model with a reported hallucination rate of
only 1.7% (Hong et al., 2024), to generate the
corresponding revised paragraph, denoted as p̂.
We selected GPT-4o-mini for data generation
instead of more recent state-of-the-art LLMs (e.g.
DeepSeek R1 (DeepSeek-AI, 2025)) due to limited
computational budget and that our task does not
require complex reasoning, multi-step planning,
or deep domain knowledge. Rather, it emphasizes
long-context understanding and localized revision,
areas in which GPT-4o-mini performs reliably.
As validated by human annotators (see Table 18),
GPT-4o-mini produces coherent and high-quality
paragraph-level revisions. The full set of criteria is
illustrated in Figures 9 through 14, and the prompt
design is detailed in Figure 5.

These pairs form the foundation of our
ReviseQA dataset, which enable models to learn
principled, context-aware revisions grounded in re-
alistic scientific writing goals. In total, this process
yields 140,000 high-quality instruction–response
pairs. To facilitate rigorous evaluation, we con-
struct a held-out QA benchmark by randomly sam-
pling 5% of the papers and their corresponding
instruction-revision pairs, totaling 350 papers and
7,000 QA pairs. Our benchmark supports model
comparison using length-controlled win rate evalu-
ation (Dubois et al., 2024), with XtraGPT serving
as the anchor model.

We formally define the dataset used for Contol-
lable Post-Training (CPT) as DCPT , where each
data instance D ∈ DCPT is in the form of D ∈
DCPT = {(q, T, p, p̂)}.

Data Quality Validation. To ensure the relia-
bility of ReviseQA, we implemented strict quality
controls, culminating in a human evaluation. Three
Ph.D. students in computer science evaluated a ran-
dom sample of instruction–revision pairs on four
key aspects: instruction following, criteria align-
ment, contextual relevance, and overall revision
acceptance. As shown in Table 18 in Appendix E,
the high agreement and acceptance rates confirm
that ReviseQA is a valid and high-quality resource
for training and evaluation.

4 Experiment
We conduct experiments on ReviseQA to answer
the following research questions:

• Effectiveness (Section 4.2): How does XtraGPT
perform in comparison to representative LLM
baselines?

• Adaptability (Section 4.2): Can XtraGPT be ef-
fectively integrated with different architectures
and sizes?

• Human Preference (Section 4.3): How are the
revisions by XtraGPT perceived in terms of qual-
ity and usefulness by human evaluators?

• Real-World Applicability (Section 4.4): How
well does XtraGPT support practical human–AI
collaborative paper revision workflows?

4.1 Experimental Setup

Benchmarking. We benchmark representative
LLMs on ReviseQA to evaluate controllable pa-
per revision capabilities. During preliminary anal-
ysis, we identified several common issues with
LLM-based revisions: overuse of generic GPT-
style language (e.g., “comprehensive”) that arti-
ficially inflates the perceived impact of the paper,
superficial edits that do not address the core revi-
sion intent, and a tendency to generate unneces-
sarily long revised segments. To mitigate these is-
sues, we carefully designed our generation prompt
(Figure 5) to encourage focused and contextually
grounded improvements. Additionally, we intro-
duced evaluation-specific prompts (Figures 6 and
7) that guide models and human judges to assess
revisions with an emphasis on clarity, conciseness,
and content relevance.

XtraGPT Training Setup. XtraGPT mod-
els are designed of different sizes: 1.5B
(based on Qwen-2.5-1.5B-Instruct), 3.8B
(based on phi3.5-3.8b), 7B (based on
Qwen-2.5-7B-Instruct), and 14B (based
on phi4-14b). Full CPT training (outperforming
LoRA (Hu et al., 2022), see Appendix J) was
conducted using 4 NVIDIA H100 GPUs, each with
80 GB of memory. For inference on ReviseQA,
we employed the vLLM framework (Kwon et al.,
2023) on a system with a single NVIDIA A100
GPU (80 GB). The computing environment was
configured with CUDA 12.2 and cuDNN 9.1
to ensure optimal deep learning performance.
Hyperparameter details are provided in Appendix I.

4.2 Comparison with Paper Revision Models

As shown in the length-controlled win rate re-
sults in Table 3, XtraGPT-7B revisions are consis-
tently preferred over same-scale (7B/8B) open-
source models. Moreover, XtraGPT-7B outper-
forms GPT-4o-mini on several sections, including
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Table 3: Length-controlled (LC) win rates of various models against the 7B version of XtraGPT (used as the
anchor) across different evaluation categories. Models above the grey anchor bar surpass XtraGPT; those below
under-perform. Evaluations are conducted using a modified alpaca_eval_gpt4_turbo_fn judge with the prompt
shown in Figure 6.

Models Title Abstract Introduction Background Evaluation Conclusion Overall↑
QwQ-32B 46.58 85.34 81.99 83.82 82.64 95.69 80.86
DeepSeek-v3-671B 56.42 65.71 68.32 74.12 72.11 64.83 67.70
Qwen2.5-72B-Instruct 50.35 56.78 64.75 67.13 64.59 60.34 61.61
XtraGPT-14B 55.29 59.43 50.90 59.43 57.87 52.11 55.49
GPT-4o-Mini 48.80 47.43 55.73 66.07 45.67 39.03 51.75

XtraGPT-7B; base: Qwen-2.5-7B-Instruct(anchor↑)
Qwen2.5-7B-Instruct 39.93 45.14 45.64 39.28 33.87 31.17 40.80
Phi-4 4.57 44.78 50.90 52.54 26.33 42.01 40.71
Qwen-QWQ-32B-Preview 37.83 34.57 32.13 40.58 30.04 32.91 34.22
Llama-3.1-8B-Instruct 34.78 30.64 35.31 41.60 40.29 18.36 33.51
DeepSeek-R1-Distill-Llama-8B 37.98 15.19 10.87 9.64 9.73 9.38 13.94
Qwen2.5-1.5B-Instruct 36.07 30.87 25.80 21.34 24.18 24.27 26.80
GPT-3.5-Turbo 25.73 23.99 21.52 23.16 30.97 17.39 24.24
Llama-3.2-3B-Instruct 19.93 6.45 9.35 3.80 8.26 4.64 8.73

Shared Content (from abstract): ... propose CVG framework based on
VGAE and GIB for generalizable graphs. Experiments show superiority
over baselines.
Q.: Summarize innovations, contributions, specific results (e.g., % improve-
ments).

GPT-4o Response: XtraGPT Response:

Excerpt: "Our framework is imple-
mented based on [VGAE] ... op-
timized under [GIB] ... key inno-
vations include: Constrained Varia-
tional Generation ... GIB Optimiza-
tion ... theoretical analysis validates
..."

Excerpt: "... we propose a method
that ... ensures ... aligned with the
underlying task. ... experimental
results demonstrate that [it] signif-
icantly outperforms ... across vari-
ous complex and zero-shot IL tasks
..."

Weaknesses: No length control;
simple paraphrase; generalized; sin-
gle interaction; chatbot-like, with-
out human-ai collaboration.

Strengths: Holistic processing
(e.g., refers to experiment results);
critical feedback; maintains flow of
thoughts.

Table 4: Condensed case study comparing GPT-4o and
XtraGPT. Full version is provided in Appendix N.

the abstract, evaluation, and conclusion. When scal-
ing the model to 14B parameters, the larger variant
ranks higher on the leaderboard than GPT-4o-mini1,
demonstrating strong performance at scale. Table 4
further highlights XtraGPT-7B’s practical applica-
bility over GPT-4o’s by showcasing nuanced im-
provements beyond numerical metrics.

To evaluate the generalizability of our frame-
work, and as an implicit ablation study on data
curation, we trained and compared models based
on representative open-source LLM backbones of
varying sizes, ranging from 1.5B to 14B parameters.
The corresponding results are reported in Table 5.
Across all configurations, XtraGPT consistently
outperforms its respective base model. Base mod-
els rely on general-purpose capabilities from broad
pre-training, whereas XtraGPT is fine-tuned on our

1GPT-4o-mini is for benchmark construction and evalua-
tion; GPT-4o serves as the SOTA reference for case studies.

specialized dataset, structured by academic writing
criteria. The significant improvement demonstrates
that criteria-guided fine-tuning yields substan-
tial gains over general abilities, validating the
effectiveness of our approach.

4.3 Qualitative Evaluation
Human Perception of Revision Quality. Be-
yond the length-controlled win rate results pre-
sented in Table 3 and Table 5, we further assess the
effectiveness of revisions through human evalua-
tion by measuring users’ willingness to adopt the
generated revision in place of the original contents.

Table 6: Effectiveness of XtraGPT as validated by hu-
man ratings on a 1–5 scale.

XtraGPT Judge 1 Judge 2 Judge 3 Aggregated

Instruction Following 3.25 3.99 4.09 3.78
Criteria Alignment 3.34 3.70 4.09 3.71
In-Context Reference 2.80 3.40 4.06 3.42
Revision Acceptance 2.46 3.23 4.01 3.23

Following a similar evaluation setup to our
dataset quality validation (Section 3), we en-
gaged three evaluators with research backgrounds
and provided them with detailed criteria for as-
sessing model performance across four key di-
mensions. These criteria are visualized in Fig-
ure 9,10,11,12,13,14. Table 6 reports the human-
assigned quality ratings of XtraGPT revisions,
demonstrating that the outputs are consistently per-
ceived as high-quality and aligned with human ex-
pectations. Furthermore, Table 4 shows a concrete
comparison of XtraGPT-revised paper excerpt and
the LLM-revised paper excerpt.
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Table 5: Length-controlled (LC) win rates of various models against XtraGPT (anchor) across evaluation cate-
gories. Models are ranked in descending order based on their weighted LC win rates. A modified version of
alpaca_eval_gpt4_turbo_fn was employed as judge (see Prompt 6).

Models Title Abstract Introduction Background Evaluation Conclusion Overall↑
XtraGPT-7B (anchor↑)

Qwen2.5-7B-Instruct 39.93 45.14 45.64 39.28 33.87 31.17 40.80
XtraGPT-14B(anchor↑)

Phi-4 (14B) 5.09 40.11 39.63 50.00 24.27 39.08 35.47
XtraGPT-3.8B (anchor↑)

Phi-3.5-mini-instruct (3.8B) 17.52 43.74 31.64 34.41 25.85 58.24 34.86
XtraGPT-1.5B(anchor↑)

Qwen2.5-1.5B-Instruct 16.83 10.70 10.34 5.41 4.39 15.81 9.98
XtraGPT-3B (anchor↑)

Llama-3.2-3B-Instruct 0.14 0.57 0.56 0.38 0.26 1.89 0.58

Figure 3: Paper quality scores and overall ratings from o1-based AI-SCIENTIST, before and after XtraGPT revision.
Left: Evaluation of revision quality. On average, contribution scores increased by 7.89%, presentation by 12.50%,
and soundness by 6.41%. Right: Distribution of overall ratings on a 1–10 scale before and after revision. Average
rating increased by 10.76%.

4.4 Reliability of HAC Revision
Table 7: Performance on predicting decisions.

Metric Value (%)

Accuracy 70.57
Precision (Accept) 57.14
Recall (Accept) 80.00
F1 Score (Accept) 66.64

To assess the effectiveness of our paper improve-
ment tool, we employed AI-SCIENTIST (Lu et al.,
2024), an open-source system developed by Sakana
AI. AI-SCIENTIST includes a functionality that
simulates the peer review process and provides
paper-level evaluations. Notably, the system’s ca-
pability is underpinned by the success in generating
a fully AI-authored paper that passed peer review
at a top-tier conference workshop (Yamada et al.,
2025). Before applying the system to our own data,
we first establish the reliability of AI-SCIENTIST

as an evaluator of scientific writing quality.
To this end, we validated AI-SCIENTIST by ap-

plying it to a sample of 54 ICLR 2024 submis-
sions with known ground-truth acceptance deci-
sions. The system was tasked with predicting the
acceptance outcome for each paper. Results in-
dicate that AI-SCIENTIST achieves a reasonable
level of accuracy and reliability in approximating
peer review judgments, thereby justifying its use as

an automated evaluator in our study. A summary
of these results is provided in Table 7.

Following the validation of AI-SCIENTIST’s re-
liability, we employed it to evaluate the full-paper
quality improvements made by XtraGPT. Specifi-
cally, AI-SCIENTIST was used to assign scores on
three core dimensions from the review rubric: con-
tribution, presentation, and soundness, each rated
on a 1-4 scale, and overall rating on a 1-10 scale.
For each of the 54 papers in our evaluation set, we
obtained these scores both before and after revision
by XtraGPT (repeat 3 times for t-test). As shown
in the left of Figure 3, XtraGPT yielded consistent
gains across all three dimensions. For evaluation
of revision quality, contribution (1-4 scale) rose by
0.23±0.10 from 2.92 to 3.15 (p<0.001). Presenta-
tion (1-4 scale) improved by 0.28±0.10 from 3.08
to 3.46 (p<0.001). Soundness (1-4 scale) increased
by 0.19±0.08 from 3.00 to 3.19 (p=0.004). In ad-
dition to these criteria-specific improvements, the
overall score which ranges from 1 to 10 and reflects
the holistic recommendation, also increased by
0.65±0.15 from 6.08 to 6.73 (p<0.001) as shown in
the right of Figure 3. These suggest that XtraGPT’s
revisions lead to measurable improvements in di-
mensions that are central to peer review. Crucially,
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Table 8: Ablation Study. Length-Controlled Win Rates against XtraGPT-7B (Anchor).

Models Title Abstract Introduction Background Evaluation Conclusion Overall↑
XtraGPT-7B (anchor↑)

Post-Trained w/o Criteria 50.41 45.11 41.71 44.56 44.05 47.79 44.65
Qwen-2.5-7B-Instruct (Base) 39.93 45.14 45.64 39.28 33.87 31.17 40.80
Post-Trained w/o Context (T ) 37.14 33.83 36.43 40.74 40.08 11.76 34.71

as these revisions are grounded in original human-
authored drafts, they are consistently classified as
human-written under both Fast-DetectGPT (Bao
et al., 2024) and Binoculars (Hans et al., 2024) (Ap-
pendix A), further validating the effectiveness of
our collaborative framework.

4.5 Ablation Study
To investigate the contribution of each component
within controllable post-training (CPT), we con-
duct an ablation study (Table 8) to summarize the
performance gaps relative to the XtraGPT anchor
when specific components are removed.
Impact of Criteria C: Removing criteria (w/o Cri-
teria) variant falls short of the full CPT (44.65 vs.
50.00). It suggests that generic post-training alone
is insufficient to reach CPT, particularly in struc-
tured sections like the Introduction and Abstract,
where criteria-guided alignment is important.
Impact of Context T : Omitting document con-
text (T ) results in the most substantial degradation
relative to CPT (34.71), with the Conclusion sec-
tion suffering a near-total collapse (11.76). This
suggests that context-awareness is integral to gen-
erating coherent, full-paper revisions.
Length Control: We treat length control as a nec-
essary evaluation protocol. Consistent with Dubois
et al. (2024), it is essential to mitigate verbosity
bias and reveal true quality improvements, as evi-
denced by the discrepancy between raw and length-
controlled win rates in Appendix K.

5 Related Work
LLMs have shown strong performance in open-
ended generation and question answering (et al.,
2024a; Liu et al., 2024a; Achiam et al., 2023;
Bai et al., 2023), yet their role in fine-grained,
instruction-driven revision of academic drafts re-
mains underexplored.

Existing work on LLMs in academic writing
typically falls into four categories: (1) end-to-end
generation, which lacks controllability and author
alignment (Porsdam Mann et al., 2023; Shao et al.,
2024; Jiang et al., 2024; Weng et al., 2025; Asai
et al., 2024; Schmidgall et al., 2025); (2) idea gen-
eration, which raises concerns around authorship
and originality (Baek et al., 2025; Ghafarollahi and

Buehler, 2024; Li et al., 2025a; Si et al., 2025;
Gu et al., 2024); (3) review assistance and QA
systems, which aid evaluation but do not improve
writing quality (D’Arcy et al., 2024; Liang et al.,
2024; Lu et al., 2024; Tan et al., 2025; Chen et al.,
2024b; Lála et al., 2023; Song et al., 2025; Lin et al.,
2024); and (4) superficial polishing tools, which
perform minor grammatical edits without under-
standing academic context (CoWriter, 2025; van
Zeeland, 2023). In contrast, we focus on refining
complete drafts with structured, instruction-driven
edits that align with the author’s intent.

Human–AI collaboration has succeeded across
domains such as coding (Chen et al., 2021; Ni-
jkamp et al., 2023), medical diagnosis (Chen et al.,
2024a), and peer review (D’Arcy et al., 2024;
Liang et al., 2024; Lu et al., 2024). Hybrid work-
flows, where humans retain control while LLMs
provide targeted assistance, are increasingly seen
as the most effective model for research (Ashkinaze
et al., 2024; Liu et al., 2024b; Padmakumar and He,
2024). Although recent work has emphasized con-
trollable generation (Ge et al., 2025), few studies
address paper revision as a structured, iterative pro-
cess. Our work fills this gap by leveraging LLMs
for instruction-based paragraph revision, helping
researchers improve clarity, coherence, and aca-
demic rigor while focusing on higher-level reason-
ing. Due to space constraints, the full discussion of
related work is provided in Appendix B.

6 Conclusion
This paper presents a methodological shift for ap-
plying LLMs to academic writing, moving beyond
generic text generation towards a controllable, col-
laborative revision process. Our core contribution
is a framework that leverages full-document con-
text and explicit, criteria-guided instructions to
enable fine-grained, context-aware paper improve-
ments. By formulating a controllable post-training
objective based on this principle, we successfully
align model outputs with the rigorous demands of
scholarly communication. The empirical success of
this approach validates that a focus on controllable,
iterative refinement, rather than autonomous gener-
ation, is a more trustworthy paradigm for human-
AI collaboration in academia.
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Discussion and Broader Implications

Limitations

We discuss several limitations in the current work.
First, the ReviseQA dataset, while comprehensive
for its design goals, is constructed from papers in
top-tier venues of the AI/ML domain and leverages
LLMs for generating instruction–revision pairs.
This introduces potential limitations in terms of
domain specificity and generator bias. The learned
revision strategies may be heavily tailored to the
writing style and norms prevalent in these venues,
potentially limiting generalizability to other scien-
tific disciplines.

Second, while XtraGPT demonstrates strong per-
formance on instruction-guided paragraph revision,
it is an LLM-based system and shares inherent lim-
itations of this technology. The model’s ability to
maintain long-term context or internal state across
multiple, complex iterative revision cycles on a full
paper remains an area for further exploration.

Third, evaluating the true impact of fine-grained
revisions on overall paper quality is inherently chal-
lenging. Our reliance on LLM-as-a-Judge metrics
(LC-Win Rate) and even the AI-SCIENTIST tool
for full-paper scoring (Appendix Q) faces limita-
tions. LLM judges may not perfectly align with
human expert reviewers on all aspects of scientific
rigor and novelty. The difficulty of reliably scoring
full papers with current AI tools highlights the need
for a definitive, automated measure of the impact
of XtraGPT’s revisions.

Finally, as discussed in Section 6, the potential
for over-reliance, introduction of bias from train-
ing data, and challenges in interpreting model sug-
gestions are inherent risks associated with LLM-
assisted writing tools. While our collaborative de-
sign aims to mitigate these, they represent limi-
tations that must be carefully considered during
deployment and use.

Potential Risks and Ethical Statement

This work does not advocate the use of LLM to
replace human creativity or research ethics stan-
dards. Key ethical considerations include Author-
ship and originality (may blur authorial voice but
can be mitigated by human control), bias in train-
ing data (ICLR papers, expert annotators), quality
and accuracy (may be illusory in scientific con-
texts and require mandatory human validation), de-
pendence and misuse (may degrade writing skills
and superficially polish flawed work), and trans-

parency (limited interpretation of specific recom-
mendations). Our human-computer collaborative
design and open source approach aims to promote
responsible and transparent use.

Broader Impact
The future AI-assisted academic research raises
critical concerns. We analyze these concerns from
the perspective of XtraGPT.

• Potential for Human Researcher Passivity:
One widespread concern is the potential for
over-reliance on AI, leading to diminished hu-
man effort, creativity, and critical thinking, as
AI could handle various stages like idea gener-
ation, writing, and reviewing. Our framework,
however, adheres to a human-AI collabora-
tion paradigm where the human researcher re-
tains agency and control. Authors are required
to have a strong motivation to generate core
ideas and initial drafts, reflecting their intel-
lectual investment and desire for recognition.
This collaborative process can be viewed as a
positive feedback loop: the AI’s assistance in
refining the presentation of core ideas through
revisions can, via psychological phenomena
such as the self-fulfilling prophecy, reinforce
the human author’s motivation and drive for
high-quality output. This fosters a virtuous cy-
cle that encourages authors to be more active
and engaged in producing and refining their
work, rather than becoming passive.

• Proliferation of Low-Quality Papers and
Quantity Inflation: AI, particularly in uncon-
trolled end-to-end generation scenarios, poses
a risk of enabling the mass production of low-
quality or superficially polished papers, poten-
tially inflating publication numbers without
commensurate scientific value. In our frame-
work, the AI functions as an assistant specif-
ically for improving existing drafts based on
explicit instructions and established writing
criteria (such as those informed by academic
guides). The initial effort required from the
human author to develop high-quality ideas
and preliminary drafts is significant and re-
mains a crucial, valuable step that underpins
the current positive development of the re-
search community. XtraGPT is designed to
help authors present their "already valuable"
work more effectively and rigorously, implic-
itly discouraging the dissemination of poorly
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conceived work and supporting the critical
refinement process that characterizes high-
quality academic output, thereby helping the
community manage article quality rather than
promoting quantity over substance, thereby
mitigating the sustainability crisis in AI con-
ferences (Chen et al., 2025b).

• Misalignment with Human Values and Sci-
entific Principles: Concerns exist that AI
might generate content that deviates from hu-
man researchers’ values, core scientific princi-
ples, ethical considerations, or specific confer-
ence norms. XtraGPT’s emphasis on control-
lability and instruction-following is designed
to mitigate this risk. The model is trained and
operates under constraints that aim to keep
it closely aligned with the human author’s
core intent and the integrity of the original
manuscript. In every collaborative interaction,
the human author maintains overall judgment
and intellectual control, ensuring that the final
revised content reflects their will and adheres
to academic standards and ethical guidelines,
which are implicitly learned from the training
data and explicitly guided by user instructions.

This work specifically targets the iterative pro-
cess of paper revision, which is crucial for refining
scientific communication, and aims to offer novel
insights and tools to the community. We strongly
advocate for increased attention to the ability of
large models to adhere to core scientific principles
and community standards, and emphasize that eval-
uation metrics for AI in academic assistance should
move beyond traditional natural language process-
ing scores to incorporate measures of adherence
to these critical norms and principles. This con-
sideration is vital for the responsible development
and deployment of AI across all research assistance
tasks.
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A Analysis of Generated Text Naturalness

To assess whether the revisions generated
by XtraGPT exhibit distinguishable machine-
generated artifacts, we conducted a large-scale
detection analysis on the full ReviseQA test set
(N = 7, 000). We employed two state-of-the-art
zero-shot metrics that target orthogonal statistical
artifacts: Binoculars (Hans et al., 2024), which
evaluates global fluency via perplexity ratios, and
Fast-DetectGPT (Bao et al., 2024), which assesses
local sampling variance via probability curvature.
This combination ensures a robust evaluation of
naturalness across different distributional dimen-
sions.

The quantitative results are summarized in Ta-
ble 9. We observe that:

• Evasion of AI Detection: Both XtraGPT-7B
and XtraGPT-14B consistently yield scores
classified as “Human-written” by both de-
tectors. For Fast-DetectGPT, the AI proba-
bilities are approximately 38%, well below
the standard decision threshold of 50%. Sim-
ilarly, for Binoculars, the scores are approxi-
mately 0.93, exceeding the detection thresh-
old of 0.9015 (where higher scores indicate
human text).

• High Naturalness: These results indicate
that XtraGPT generates highly naturalistic aca-
demic text that aligns closely with the linguis-
tic patterns of human writing. The model

successfully avoids common statistical finger-
prints that typically trigger these detectors in
other domains.

• Domain Characteristics: We note that while
a statistical gap remains between the orig-
inal human text (Human Source) and the
model outputs (e.g., Human Criterion −1.86
vs. Model −0.22), the model outputs fall
safely within the distribution of authentic-
sounding text. This suggests that XtraGPT
preserves the high-quality, low-entropy nature
characteristic of academic writing.

B Related Work

LLMs Assist Academic Writing Research on
LLMs for academic writing falls into four primary
categories. First, automated paper generation at-
tempts to produce complete papers but often lacks
user control and academic rigor (Shao et al., 2024;
Jiang et al., 2024; Weng et al., 2025; Asai et al.,
2024; Schmidgall et al., 2025). Second, research
ideation employs LLMs to propose novel ideas
and methodologies, though concerns regarding au-
thorship and originality persist (Baek et al., 2025;
Ghafarollahi and Buehler, 2024; Li et al., 2025a;
Si et al., 2025). Third, thanks to the success of re-
trieval by instruction (Sun et al., 2024), automated
reviewing and research question answering assist
in literature searches and manuscript evaluations
but do not directly refine writing quality (D’Arcy
et al., 2024; Liang et al., 2024; Lu et al., 2024; Tan
et al., 2025; Asai et al., 2024; Chen et al., 2024b;
Lála et al., 2023; Song et al., 2025; Lin et al., 2024).
Lastly, LLM-assisted writing tools enhance gram-
mar and style and (Shi et al., 2023) improves a
small paragraph of paper, they lack deep contex-
tual awareness necessary for high-quality academic
discourse (CoWriter, 2025; van Zeeland, 2023).

LLMs Assist Research Beyond writing, LLMs
are increasingly utilized in autonomous research
(Weng et al., 2025; Lyu et al., 2026). (Swanson
et al., 2025) introduced LLM agents functioning
as research assistants, integrating human feedback
into scientific workflows. ChemCrow (M. Bran
et al., 2024) and Coscientist (Boiko et al., 2023)
highlight LLM-led ideation and experimentation
in chemistry, while ResearchAgent (Baek et al.,
2025) automates research generation, iterative re-
finement, and review. AI Scientist (Lu et al., 2024)
extends automation to coding, experimentation,
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Table 9: AI detection metrics on the ReviseQA test set (N = 7, 000). We report results for both Fast-DetectGPT
(Bao et al., 2024) and Binoculars (Hans et al., 2024). XtraGPT models (after revision) consistently achieve scores
classified as “Human-written” (before revision) across both detection methods.

Method Metric Human (Source) XtraGPT-7B XtraGPT-14B Interpretation

Fast-DetectGPT Criterion (↓) −1.8566 −0.2183 −0.2939 Lower is more human-like
Probability (AI%) 27.74% 38.22% 37.27% < 50% indicates Human

Binoculars Score (↑) 1.0143 0.9292 0.9285 > 0.9015 indicates Human
Std. Dev 0.1107 0.0973 0.0966 –

and manuscript review. Despite these advance-
ments, studies caution that LLMs require human
oversight to ensure reproducibility and scientific
rigor (Si et al., 2025).

Gaps and Contributions LLMs also contribute
to research tasks such as code generation (Chen
et al., 2021; Nijkamp et al., 2023), literature search
(Ajith et al., 2024; Kang and Xiong, 2024; Press
et al., 2024; Li et al., 2025b), and automated pa-
per reviewing (D’Arcy et al., 2024; Liang et al.,
2024; Lu et al., 2024; Weng et al., 2025). While
they support ideation (Si et al., 2025), concerns
about reduced creativity and homogenization per-
sist (Chakrabarty et al., 2024; Anderson et al.,
2024). Hybrid human-LLM approaches are seen as
the most effective way to enhance research work-
flows (Ashkinaze et al., 2024; Liu et al., 2024b;
Padmakumar and He, 2024).

Recently, the controllable generation of LLMs
have been emphasized (Ge et al., 2025). While
much work has focused on using LLMs for idea
generation, review, and automation, little research
directly addresses refining research papers to en-
hance coherence, clarity, and adherence to aca-
demic standards. Our work bridges this gap by
leveraging LLMs specifically for structured refine-
ment, allowing researchers to focus on deeper rea-
soning tasks while ensuring scholarly rigor.

LLM simulation Researchers have increasingly
utilized Large LLMs to construct simulations, treat-
ing LLM agents as proxies for humans to perform
actions and interactions (Park et al., 2023; Lin et al.,
2023; Kong et al., 2024; Wang et al., 2024). These
simulations have shown promise in diverse fields
such as society, economics, policy, and psychol-
ogy (Park et al., 2023; Li et al., 2024a; Chen et al.,
2025a), while also serving as data generators and
evaluators for LLM training (Tang et al., 2024;
Zhang et al., 2024). However, LLMs face signif-
icant limitations in simulation tasks. Studies (Ai
et al., 2024; Petrov et al., 2024; Hu and Collier,

2024; Lee et al., 2024; Tang et al., 2026) highlight
their inability to maintain contextual consistency
and produce fine-grained outputs. For example,
Lee et al. (2024) found that LLMs exhibit consis-
tent values and preferences even when role-playing
diverse personas, underscoring their lack of adapt-
ability and nuanced understanding.

C Prompts

Figure 4 shows the prompt for QA.

D ICLR 2024 Token Distribution

ICLR 2024 token distribution (derived from mark-
down) is showed in Figure 8.

E Data Quality Validation Details

Throughout the data collection and generation pro-
cess, we applied strict quality control procedures
to ensure the reliability and utility of the dataset
for both training and evaluation. In particular, we
conducted a human evaluation to verify that the
revisions are applicable and effective across papers
with diverse writing styles and technical focuses
spanning multiple research domains.

Three Ph.D. students in computer science (re-
ferred to as Judges 1–3) were recruited as evalu-
ators. Each annotator was assigned between 60
and 100 instruction–revision pairs randomly sam-
pled from ReviseQA. Each revision is labeled ac-
cording to the criteria defined in Figure 15, focus-
ing on 4 key aspects: (1) Instruction Following:
Whether the revision correctly follows the given
instruction. (2) Criteria Alignment: Whether the
revised text improves the original content based on
the predefined section-level criteria (Table 2). (3)
In-Context Reference: Whether the output appro-
priately references relevant information within the
selected paragraph or surrounding context. (4) Re-
vision Acceptance: Whether the revision is com-
pelling enough for the evaluator to prefer it over
the original.

1061



The Prompt for QA

Act as an expert model for improving articles **PAPER_CONTENT**.
<SELECTED_CONTENT>
User Selected
</SELECTED_CONTENT>
<QUESTION>
<User Question>
</QUESTION>

Figure 4: Prompt for QA

Evaluation results in Table 18 show that the revi-
sions are consistently effective across domains, sup-
porting the validity of ReviseQA as a high-quality
resource for instruction-based writing revision.

F Human Label Details

Table 10,11 shows the details of calculation data
on human evaluation.

G Section-Level Criteria Details

Section-level criteria are detailed in Figure
9,10,11,12,13,14.

H Addressing Length Bias in LLM
Judges.

While win rate is a commonly used metric for
evaluating model performance in paragraph rewrit-
ing tasks, it becomes unreliable in the presence
of length bias, a phenomenon well-documented in
prior work, where LLM judges tend to be length-
biased, preferring longer responses over shorter
ones (Koo et al., 2024; Shen et al., 2023; Wang
et al., 2025b). Given the typical variation in output
lengths across models (as shown in Table 14), the
length-controlled win rate (Dubois et al., 2024)
should be considered to ensure fairer comparisons
and avoid gaming the metric with belabored points.
This metric explicitly adjusts for length differences,
mitigating the bias introduced by verbosity. Our
approach is further supported by recent evaluation
protocols such as AlpacaEval (Tatsu-lab, 2023),
and enables a more accurate assessment of the true
quality of model-generated revisions.

I Hyperparams

Hyperparameter value

Batch Size {1,2}
Cut-off Len 16384
max_new_tokens 512
Epoch {10,20}
Learning Rate {1e-5,2e-5}

Table 12: Hyperparameters

J LoRA vs. Full SFT

We investigate LoRA (Hu et al., 2022) as a
parameter-efficient alternative (1 epoch, learning
rate 2.0× 10−5). As shown in Table 13, both the
LoRA variant (42.17) and the Base model (40.80)
are consistently outperformed by our full SFT an-
chor. The performance gap, especially in the Eval-
uation and Conclusion sections, suggests that full-
parameter fine-tuning is more effective at capturing
the complex, long-context dependencies required
for high-quality academic revision than the lower-
rank adaptation.

K Win Rate

Table 15 shows the win rate without length control,
which is unreasonable compared to Table 3.

L Annotators for Controllable Quality
Assurance

Figure 15 show annotators for controllable quality
assurance.

M Case Study

We chose HARL (Zhang et al., 2023) in Figure
17 as a case study to demonstrate the application
of XtraGPT in human-AI collaboration. XtraGPT
helps the author refine the paper in a controllable
manner.
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The Prompt for Generating QA pairs

You are an advanced language model designed to assist users in improving their articles.
Users will provide an article in LaTeX or Markdown format and specify a **section**
along with **criteria** for improvement. Your task is to identify a specific selected
content from the provided section, align it with the given criteria, and offer actionable
feedback to improve the content.
Instructions:
1. **Role 1**: We have a paper improvement task with a specific criteria ’crite-
ria[’prompt’]’. Now play a role as an author of the provided paper content. Select a
specific content from the section ’section’ (or equivalent), and ask a chatbot assistant to
help you improve that selected content.
- **The selected paper content must be a worth-improving paragraph(s)** that might
not achieve the standards of the criteria ’criteria[’prompt’]’, and that content should
come from the section ’section’. The selected content will be labeled as **BEFORE
IMPROVEMENT**.
- Provide a concise, conversational improvement-related question labeled as **QUES-
TIONS**. These questions should not explicitly tell what rules or standards to follow or
what the specific goal should be. Instead, offer a high-level instruction that may hint at
the criteria without stating them directly. The aim is to allow for creativity and subtle
alignment with the criteria.
- Keep the question short and conversational.
2. **Role 2**: Act as an expert model for improving articles.
The revised version of the selected content should be labeled as AFTER IMPROVE-
MENT and specifically address the QUESTIONS on BEFORE IMPROVEMENT above.
Avoid adding unnecessary length, unrelated details, overclaims, or vague statements.
Focus on clear, concise, and evidence-based improvements that align with the overall
context of the paper.
Provide a detailed explanation of the changes made, labeled as EXPLANATION, with
clear references to the paper’s content. Ensure the explanation demonstrates how the
revisions align with the context and criteria of the paper.
— PAPER CONTEXT STARTS
paper_latex
— PAPER CONTEXT ENDS
Response Format (must be strictly followed):
— BEFORE IMPROVEMENT STARTS
<Selected content>
— BEFORE IMPROVEMENT ENDS
— QUESTIONS START
<Concise, improvement-related question based on the criteria ’criteria[’prompt’]’>
— QUESTIONS END
— AFTER IMPROVEMENT STARTS
<Revised version of the selected content to answer the **Questions** above> — AFTER
IMPROVEMENT ENDS
— EXPLANATION STARTS
<An explanation of the changes made, showing how they align with the context of
the article and address the criteria. Include references from the paper context where
relevant.>
— EXPLANATION ENDS

Figure 5: Prompts for Generating ReviseQA
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The Prompt for Judging

You are a highly efficient assistant, who evaluates and rank large language models
(LLMs) based on the quality of their responses to given prompts. This process will
create a leaderboard reflecting the most accurate and human-preferred answers.
I require a leaderboard for various large language models. I’ll provide you with
prompts given to these models and their corresponding responses. Your task is to
assess these responses, ranking the models in order of preference from a human per-
spective. Once ranked, please output the results in a structured JSON format for the
make_partial_leaderboard function.
Prompt

{
"instruction": "{instruction}",

}

Model Outputs
Here are the unordered outputs from the models. Each output is associated with a
specific model, identified by a unique model identifier.

{
{

"model": "m",
"output": "{output\_1}"

},
{

"model": "M",
"output": "{output\_2}"

}
}

Task
Evaluate based on the quality and relevance to the instructions. The following is the
definition of the quality on the section <section>: <criteria["prompt"]>. If the
model’s output refers to information beyond <Selected content>, it receives a slightly
higher score.

Figure 6: Prompts for Judging (modified from alpaca_eval_gpt4_turbo_fn).

QA Controllability Assurance Judge 1 Judge 2 Judge 3

GPT-4o-Mini -Instruction Following (78+77+72+78+78)/5 (76+68+79)/3 (75+81+80+78+73)/5
-Criteria Following (79+74+63+77+75)/5 (77+68+79)/3 (76+81+77+74+75)/5
-In-Context Ability (73+53+48+62+61)/5 (67+57+75)/3 (69+76+74+73+72)/5
-Agree revision? (48+48+44+53+53)/5 (65+56+64)/3 (67+74+74+72+71)/5
—-
GPT-o1-mini -Instruction Following (79+71+76+76+80)/5 (79+81+77)/3 (75+80+78+77+64)/5
-Criteria Following (72+70+74+74+80)/5 (79+77+75)/3 (74+80+78+76+63)/5
-In-Context Ability (74+53+58+65+60)/5 (68+68+68)/3 (73+75+81+75+64)/5
-Agree revision? (58+50+53+59+60)/5 (66+66+67)/3 (72+76+78+76+62)/5

Table 10: Human evaluation on improvement acceptance rates before and after paragraph. we ask 3 human
evaluators based on 5,3,5 paper, about 100,60,100 questions in score 1-5. The Aggregated column aggregates the
results of 3 human evaluators.
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The Prompt for ranking

Human: I want you to create a leaderboard of different large-language models. To do
so, I will give you the instructions (prompts) given to the models, and the responses of
two models. Please rank the models based on which responses would be preferred by
humans. All inputs and outputs should be Python dictionaries.
Here is the prompt:

{
"instruction": "{instruction}",

}

Here are the outputs of the models:

{
"model": "model_1",
"answer": "{output_1}"

},
{

"model": "model_2",
"answer": "{output_2}"

}

Now please rank the models by the quality of their answers, so that the model with rank
1 has the best output. Then return a list of the model names and ranks, i.e., produce the
following output:

[
{'model': \texttt{<model-name>},
'rank': \texttt{<model-rank>}},
{'model': \texttt{<model-name>},
'rank': \texttt{<model-rank>}}

]

Your response must be a valid Python dictionary and should contain nothing else because
we will directly execute it in Python. Please provide the ranking that the majority of
humans would give.

Figure 7: Prompts for Scoring.

XtraGPT Judge 1 Judge 2 Judge 3

Instruction Following (62+61+72+76+74)/5 (80+80+79)/3 (86+80+83+82+78)/5
Criteria Following (60+60+69+72+73)/5 (74+74)/3 (82+82+82+81+82)/5
In-Context Ability (58+51+48+61+61)5 (67+69)/3 (85+80+82+79+80)/5
Agree revision? (50+45+44+55+52)/5 (65+64)/3 (83+79+82+80+77)/5

Table 11: XtraGPT Human Evaluation

N Complete Case in Table 4

Table 16 shows the complete case in Table 4 com-
paring GPT-4o and XtraGPT.

O Baseline Model Details

Table 17 shows the baseline model details.

P Controllability Annotation criteria and
Interface

To ensure our data and model quality, We in-
vited three AI experts specializing in inference
speedup, graph neural networks (GNN), and Field
Programmable Gate Arrays (FPGA) to annotate 5,
3, and 5 papers, respectively. Each paper includes
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Figure 8: ICLR 2024 Paper Token Distribution (without Appendix)

Criteria Details of Section Title

1. Consistency and Alignment of Title with Paper’s Content:
Evaluate the degree to which the paper’s title accurately captures its principal topics, arguments, or
findings. Does the title reflect the scope and focus of the paper, and is it consistent with the main
concepts and keywords presented in the abstract and introduction? Identify any discrepancies or
misalignment between the title and the content.

2. Conciseness and Clarity of Title:
Evaluate the paper’s title for redundancy. Are there repeated words or concepts that could be
removed without changing the core meaning? Does the final title remain succinct, clear, and
accurately convey the paper’s main focus or contribution?

Figure 9: Criteria Details of Section Title

20 question-answer pairs per model, focusing on
section-level improvements. These pairs are dis-
tributed across different sections of the paper as
follows: 2 for the title, 4 for the abstract, 6 for
the introduction, 3 for the background, 3 for the
evaluation, and 2 for the conclusion. The control-
lable criteria used for evaluation are presented in
Figure 15. The annotators’ operating interface and
the interface of XtraGPT are listed in Figure 16.

Q Can LLMs Score Full Papers?

In the context of academic paper evaluation, the
only available human expert review labels at full-
paper granularity come from OpenReview. Unfor-
tunately, due to the high cost and inherent biases of
human reviews—evidenced by a standard deviation
of 1.26 in reviewer ratings for each paper in 2024—
it is impractical to invite expert reviewers for ev-

ery benchmarking scenario that requires full-paper
scoring.

To address this limitation, several studies (Lu
et al., 2024; Weng et al., 2025; Tan et al., 2025)
have explored the use of LLMs for predicting full-
paper scores. A key question remains: are LLMs
suited to be a reliable reviewer? To investigate
this, we follow the approach of (Lu et al., 2024),
applying NeurIPS review guidelines and few-shot
examples to assess our test set.

As shown in Figure 18, scaling up model param-
eters is significantly more challenging for paper
scoring compared to MMLU-Pro. We can infer
that the bottleneck in the paper scoring task cannot
be simply solved by scaling the model. LLMs
struggle with paper scoring, which is already quite
challenging even for human experts (1.16 rating
MAE per paper according to (Weng et al., 2025)).
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Criteria Details of Section Abstract

1. Clarity and Impact of the Conclusion:
Evaluate the clarity and impact of the conclusion in the abstract. Does it clearly summarize the
research steps, highlight key outcomes, and explain the significance of these outcomes for the field
of computer science? Are the primary technical advancements and their contributions presented in
a concise and unambiguous manner?

2. Motivation and Purpose in the Abstract:
Evaluate how well the abstract communicates the research’s motivation. Does it clearly articulate
the broader issue, concept, or problem in Computer Science that the work addresses? Does it
explicitly state the specific research problem being solved and why it is important?

3. Explanation of Existing Solutions and Research Gap:
Assess how well the abstract explains the shortcomings of current solutions and highlights the
corresponding research gap. Does it clearly articulate why existing methods are insufficient and
how the proposed approach addresses these limitations? Is the explanation comprehensible to a
wide audience, from domain experts to non-specialists?

4. Clarity and Adequacy of Proposed Solutions:
Assess how effectively the abstract communicates the proposed solutions. Does it clearly identify
the research gap or problem being addressed, and explain how the proposed solution tackles this
gap? Does it highlight the novelty or contribution of the solution, demonstrating its relevance
or improvement over existing work? Rate the clarity, completeness, and significance of the
explanation provided in the abstract.

Figure 10: Criteria Details of Section Abstract

Table 13: Length-controlled (LC) win rates.

Models Title Abstract Introduction Background Evaluation Conclusion Overall↑
XtraGPT-7B; base: Qwen-2.5-7B-Instruct(anchor↑)

Qwen2.5-7B-Instruct Lora Tuned 44.58 45.98 47.01 40.75 35.21 32.27 42.17
Qwen-2.5-7B-Instruct (Base) 39.93 45.14 45.64 39.28 33.87 31.17 40.80

Rather, it emphasizes long-context understand-
ing and localized revision, areas in which GPT-4o-
mini performs reliably. As validated by human
annotators (see Table 18), GPT-4o-mini produces
coherent and high-quality paragraph-level revisions
suitable for this task. The full set of criteria is il-
lustrated in Figures 9 through 14, and the prompt
design is detailed in Appendix 5.
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Table 14: Average output length of each model on the 7,000-instance ReviseQA test set. Some models tend to
produce significantly longer responses, occasionally including unsolicited explanations.

Models Title Abstract Introduction Background Evaluation Conclusion

Original Text 14.5 174.9 200.1 238.9 170.8 151.3
Phi-4 126.8 265.2 339.5 357.1 348.3 329.6
DeepSeek-v3-671B 17.5 158.7 243.5 258.8 245.7 217.4
GPT-4o-Mini 16.9 189.4 254.4 265.8 227.9 210.9
Qwen-2.5-7B-Instruct 21.2 187.3 272.2 258.4 264.1 242.9
Qwen-QWQ-32B 40.7 224.1 272.9 265.4 308.7 245.5
Llama-3.2-3B-Instruct 327.4 445.2 464.4 479.3 472.3 443.7
Qwen2.5-1.5B-Instruct 89.5 291.8 316.2 336.8 361.4 352.9
Qwen2.5-72B-Instruct 16.2 195.1 275.6 284.2 305.9 246.3
XtraGPT-14B 15.9 173.8 231.0 251.6 242.3 205.5
XtraGPT-7B 15.5 180.2 233.1 251.2 250.1 213.5
XtraGPT-3B 15.9 179.7 237.8 254.2 251.8 214.8
XtraGPT-1.5B 15.7 183.0 232.4 248.9 251.6 213.1
GPT-3.5-Turbo 57.9 144.0 178.3 189.8 169.2 146.4
DeepSeek-R1-Distill-Qwen-7B 419.1 668.5 890.3 942.3 1081.2 780.7

Models Title Abstract Introduction Background Evaluation Conclusion Average↑
Qwen2-72B-Instruct 53.57 70.93 77.52 86.76 91.90 73.71 75.73
GPT-4o-Mini 65.57 59.71 70.05 67.81 70.86 62.14 66.02
Qwen-QWQ-32B-Preview 62.97 66.42 61.33 73.24 72.48 74.29 69.88
Deepseek-V3-671B (Liu et al., 2024a) 63.79 59.29 66.19 61.24 88.95 58.57 66.33
Qwen-2.5-7B-Instruct 60.79 70.93 60.52 56.48 74.48 70.43 65.60

XtraGPT (base: Qwen-2.5-7b-instruct) (anchor↑)
Llama-3.1-8B-Instruct 47.41 39.64 41.24 55.24 55.71 30.29 44.92
Qwen2.5-1.5B-Instruct 34.36 32.39 26.14 21.24 26.48 31.29 28.65
GPT-3.5-Turbo 28.57 20.79 19.38 20.95 23.05 11.43 20.70
Llama-3.2-3B-Instruct 27.43 9.29 10.90 9.71 14.67 6.43 13.07

Table 15: Win rates without length control of various models against XtraGPT (anchor) across different evaluation
categories. Models are ranked in descending order based on their averaged win rates.

Shared Content (from abstract): ... To achieve better generalizability of learned graph representation, we innovatively propose a Constrained Variational
Generation (CVG) framework to generate generalizable graphs. Our framework is implemented based on the Variation Graph Auto-Encoder (VGAE) structure
and optimized under the guidance of the Graph Information Bottleneck (GIB) principle, with its effectiveness validated by our theoretical analysis. We conduct
extensive experiments on real-world datasets and demonstrate the superiority of our framework over state-of-the-art baselines.
Question: How can we effectively summarize our key innovations and their contributions to the field of Generalizable Graph Learning? What specific results
and comparisons to existing methods should we include to demonstrate the significance of our findings? how the experiments reflect the effectiveness of our
framework, for example improve how many percent on which task?

GPT-4o Response: XtraGPT Response:

... To tackle this, we propose a method that not only iden-
tifies candidate reward functions but also ensures that
the selected reward functions are aligned with the under-
lying task. We establish the conditions under which PA-
GAR can guarantee successful task completion, thereby
providing a robust framework for enhancing the reliabil-
ity of IRL-based IL systems. Our experimental results
demonstrate that PAGAR significantly outperforms ex-
isting baselines across various complex and zero-shot IL
tasks, showcasing its effectiveness in mitigating reward
misalignment.

... To achieve better generalizability of learned graph representation, we innovatively propose
a Constrained Variational Generation (CVG) framework to generate generalizable graphs. Our
framework is implemented based on the Variation Graph Auto-Encoder (VGAE) structure and
optimized under the guidance of the Graph Information Bottleneck (GIB) principle. The key
innovations of our CVG framework include: Constrained Variational Generation: By leveraging the
VGAE structure, our framework generates graphs that are constrained to maintain essential invariant
properties while allowing flexibility to adapt to unseen domains. Graph Information Bottleneck
(GIB) Optimization: The GIB principle guides the optimization process to ensure that the generated
graphs retain the most informative features for classification while discarding irrelevant variations.
Our theoretical analysis validates the effectiveness of these innovations, ensuring that the learned
representations are robust to distribution shifts.

Strengths: Holistic Processing, e.g. refer to the exp.;
Critical feedback; Without spoiling the flow of thought;
Replace back to paper automatically.

Weaknesses: No length control;Simply paraphrase; Generalised description; Single interaction, lack
of context; Like chatbot, not human-ai collaboration.

Table 16: Case study comparing GPT-4o and XtraGPT.
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Criteria Details of Section Introduction

1. Strength and Clarity of Motivation in the Introduction:
Evaluate whether the motivation in the Introduction is specific and convincing. Does the paper
avoid over-generalization and clearly articulate the significance of the issue? Are concrete
examples, statistics, or contextual details used to establish why the problem matters?

2. Review of Existing Approaches in Introduction:
Assess the thoroughness and clarity of the literature review within the introduction. Does the paper
cite and critique relevant prior works, highlighting both their methodologies and limitations? Does
the introduction establish how the proposed work builds upon or differentiates itself from existing
research, and is there sufficient context provided to demonstrate the significance of the current
study? Are any quantitative or qualitative comparisons made where appropriate?

3. Audience Alignment and Appropriateness:
Evaluate whether the introduction is effectively tailored to its target audience. Is the complexity,
depth, and choice of terminology suitable for the presumed background knowledge of the
readership? Does the introduction provide sufficient context without oversimplifying or
overwhelming the intended audience?

4. Clarity and Visibility of Contributions:
Assess the clarity and visibility of the paper’s contributions. Are the core contributions explicitly
stated in a dedicated paragraph or section toward the end of the introduction? Are they
understandable to a broad scientific audience, presented succinctly, and positioned logically
following the problem statement and background information?

5. Clarity and Specificity of Problem Definition:
Evaluate the paper’s problem definition in terms of four key elements: current situation, ideal
situation, the gap between them, and how the research aims to address this gap. Are these
components clearly stated, distinct, and directly tied to the research objectives? Does the definition
provide sufficient clarity and focus for the research?

6. Integration of State-of-the-Art in Problem Framing:
Evaluate how effectively the introduction incorporates the State-of-the-Art (SOTA) to frame the
research problem. Does it include explicit references to key works, methodologies, or findings that
highlight relevant gaps or limitations in the field? Is there a clear logical link between the SOTA
discussion and the stated research objectives, demonstrating how the proposed work builds upon
or extends existing research?

Figure 11: Criteria Details of Section Introduction
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Criteria Details of Section Background

1. Contextual Relevance and Clarity of Background:
Assess how effectively the background section establishes context for the research. Does it
provide a clear overview of the broader field in computer science, then narrow down to the
specific problem? Does the paper avoid making unwarranted assumptions about the reader’s prior
knowledge? Finally, does it clarify why addressing the problem is important to the field?

2. Coverage of Key Preliminary Concepts:
Evaluate the thoroughness and clarity of the paper’s background or preliminary section. Does it
introduce and define all the critical concepts, algorithms, or theorems necessary to understand
the technical contributions? Are these concepts clearly explained, logically organized, and
accessible to readers who are not experts in the field? Does the paper use consistent termi-
nology and adequately explain symbols, abbreviations, or specialized terms before their first usage?

3. Clarity and Consistency of Terminology:
Assess the clarity and consistency of the key terms introduced in the background section. Are all
critical terminologies defined at their first occurrence and used consistently throughout the paper?
Does the paper avoid undefined shifts or redefinitions of terms, and does it align terminology with
standard conventions in the field?

Figure 12: Criteria Details of Section Background

Criteria Details of Section Evaluation

1. Experimental Setup Clarity and Reproducibility:
Evaluate how clearly and thoroughly the experimental setup is described. Does the paper
provide all necessary information on hardware/software configurations, parameter settings,
data preprocessing steps, and any contingency procedures, such that others could replicate the
experiments with the same resources?

2. Depth and Clarity of Figures and Tables Analysis:
Evaluate the thoroughness and clarity of the paper’s analysis of figures and tables. Are the data
clearly explained and linked to the research objectives or hypotheses? Do the authors discuss
trends, patterns, or anomalies, and interpret quantitative metrics in a way that highlights their
significance? Is there a clear comparison to baselines or related work, demonstrating how the
results fit into or advance the field? Do the authors emphasize key takeaways and practical or
theoretical implications arising from the findings?

3. Experimental Support for Main Innovations:
Evaluate how thoroughly the paper’s main innovations or contributions are backed by experimental
evidence. Does the paper provide direct tests or comparisons to validate each innovation? Are
quantitative or qualitative results clearly linked to the claims made, with appropriate metrics and
comparisons against baselines or existing methods? Are ablation studies or sensitivity analyses
included to demonstrate the significance of each component? If certain claims are not experimen-
tally supported, have the authors either provided additional experiments or adjusted their claims
accordingly?

Figure 13: Criteria Details of Section Evaluation
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Criteria Details of Section Conclusion

1. Broader Impact and Future Directions:
Assess the thoroughness of the paper’s conclusion or discussion sections in addressing the broader
impact of the research. Does the paper provide specific and clear avenues for future work?

2. Clarity and Impact of Key Innovations and Findings:
Evaluate whether the conclusion effectively highlights the paper’s key innovations.

Figure 14: Criteria Details of Section Conclusion

Criteria

Each QA pair is evaluated based on four metrics, each scored from 1 to 5:
Evaluation Metrics (1-5 Scoring Criteria)
1. Instruction Following: Evaluate whether the answer correctly follows the given instruction.
1 – The answer completely ignores or contradicts the instruction.
2 – The answer only partially follows the instruction, with major missing elements.
3 – The answer follows the instruction but lacks completeness or clarity.
4 – The answer mostly follows the instruction with minor inconsistencies.
5 – The answer strictly follows and fully satisfies the instruction.
2. Criteria Following: Evaluate whether the revised text improves the original content based on
predefined criteria.
1 – The revision does not follow any criteria and worsens the content.
2 – The revision attempts to follow the criteria but makes the content unclear.
3 – The revision follows the criteria but does not provide a significant improvement.
4 – The revision improves clarity and correctness while adhering to the criteria.
5 – The revision strictly follows the criteria and significantly improves the original content.
3. In-Context Ability: Evaluate whether the model’s output appropriately references information
within Selected Content.
1 – The output ignores Selected Content and adds irrelevant external information.
2 – The output relies on external information without justification.
3 – The output primarily references Selected Content but includes minor unrelated details.
4 – The output correctly refers to Selected Content with minimal external additions.
5 – The output strictly remains within Selected Content while providing a relevant and precise
response.
4. Agree Revision: Evaluate whether the revision is convincing enough for the user to adopt it as
a replacement.
1 – The revision is clearly worse than the original text.
2 – The revision is slightly better but has major flaws, making it unlikely to be adopted.
3 – The revision is neutral or slightly better, but adoption is uncertain.
4 – The revision is clearly better, and most users would likely adopt it.
5 – The revision is significantly better, and users would confidently adopt it.

Figure 15: The criteria for human instructors.
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Figure 16: A comparison of the paragraph before and after revision.

Selected Content: This work proposes HARL, a hierarchical and adaptive reinforcement learning-based auto-
scheduler for tensor programs. It is template-free with improved performance on the generated codes and sig-
nificantly faster tuning process. The effectiveness of HARL is verified on different kinds of tensor operators and
DNNs, under CPU and GPU hardware platforms. We believe that, HARL is an innovation on how to utilize the
advanced reinforcement learning based decision process to facilitate the time-consuming tensor code optimiza-
tion.
User Interaction: How can we effectively summarize the key innovations of HARL and their contributions to
the field of neural network optimization? What specific results and comparisons to existing methods should we
include to demonstrate the significance of our findings?

Responses: In this paper, we introduce HARL, a hierarchical and adaptive reinforcement learning-based auto-
scheduler that significantly enhances tensor program exploration. By employing a hierarchical RL architecture,
HARL enables learning-based decisions at various levels of search granularity, leading to a 22% improvement
in tensor operator performance and a 4.3x increase in search speed compared to the state-of-the-art auto-
scheduler, Ansor. Our experiments reveal that HARL not only outperforms Ansor in both tuning speed and
final program performance but also achieves up to 8% improvement in inference performance on end-to-end
neural networks. These results underscore the effectiveness of HARL in addressing the challenges of neural net-
work optimization, providing a robust framework for future research in this domain.
Explanations: The revised conclusion emphasizes the key innovations of HARL, specifically highlighting the
22% performance improvement and 4.3x speed increase over Ansor. By including quantitative results and com-
parisons to existing methods, we demonstrate the significance of our findings in the context of neural network
optimization. The hierarchical RL architecture is clearly linked to these improvements, showcasing how it facili-
tates more efficient exploration of tensor programs. This alignment with the criteria of effectively summarizing
key innovations and providing concrete results is crucial for advancing the field.

Figure 17: A use case of .
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Models Backbone GitHub Stars Huggingface Download

Closed-Source

GPT-4-Turbo (OpenAI, 2024) /
GPT-4o-mini (OpenAI, 2024) /
GPT-3.5-Turbo (Brown et al., 2020) /

Open-Source (> 8B)

Deepseek-R1 (DeepSeek-AI, 2025) Llama 50K 285K
Deepseek-V3-671B (Liu et al., 2024a) DeepSeek-V3-Base 63K 374K
Deepseek-V3-32B (Liu et al., 2024a) DeepSeek-V3-Base 63K 374K
Qwen-2-72B-Instruct (et al., 2024b) Qwen-2-72B-Instruct 45.3K 374K
QwQ-32B-Preview (Team, 2024) Qwen2.5-32B-Instruct 15K 198K
Phi-4 (14B) (Abdin et al., 2024) - - 557K

Open-Source (≤8B)

Llama-3.1-8B-Instruct (et al., 2024a) Llama-3.1-8B-Instruct 28.1K 5.75M
Qwen-2.5-7B-Instruct (et al., 2024b) Qwen-2.5-7B 12.6K 1.27M
Llama-3.2-3B-Instruct (et al., 2024a) Llama-3.2-3B 28.1K 1.48M
Qwen-2.5-1.5B-Instruct (et al., 2024b) Qwen-2.5-1.5B 12.6K 551K

Table 17: Details information of baseline models. Data collected at 30.1.2025. The "/" indicates that the model uses
a private download link or that its download statistics on HuggingFace are not disclosed.

Table 18: Human evaluation of improvement acceptance rates before and after revision. Three human evaluators
assessed 5, 3, and 5 papers respectively, scoring 100, 60, and 100 instruction–revision pairs using a 1–5 scale. The
Aggregated column reports the average scores across all three evaluators.

Criterion Judge 1 Judge 2 Judge 3 Aggregated

GPT-4o-Mini
-Instruction Following 3.83 3.72 3.87 3.81
-Criteria Alignment 3.68 3.74 3.83 3.75
-In-Context Reference 2.97 3.32 3.64 3.31
-Revision Acceptance 2.46 3.09 3.58 3.04

GPT-o1-mini
-Instruction Following 3.82 3.95 3.74 3.84
-Criteria Alignment 3.70 3.85 3.71 3.76
-In-Context Reference 3.10 3.40 3.68 3.40
-Revision Acceptance 2.80 3.32 3.64 3.25
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Figure 18: Scaling trends of Qwen-2.5-
7B/32B/72B/Max-Instruct performance. (a)
MMLU-Pro scores stably improve with model
size. Scaling is effective on multi-task understanding.
(b) In the paper scoring task, the rating MAE struggles
to go below 1.5. As the model size increases, the
reduction in MAE becomes smaller, indicating that
scaling offers limited performance improvement.

Figure 19: ICLR 2024 paper rating distribution.
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