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Abstract

Classification is a core NLP task architecture
with many potential applications. While large
language models (LLMs) have brought sub-
stantial advancements in text generation, their
potential for enhancing classification tasks re-
mains underexplored. To address this gap, we
propose a framework for thoroughly investigat-
ing fine-tuning LLMs for classification, includ-
ing both generation- and encoding-based ap-
proaches. We instantiate this framework in edit
intent classification (EIC), a challenging and
underexplored classification task. Our exten-
sive experiments and systematic comparisons
with various training approaches and a represen-
tative selection of LLMs yield new insights into
their application for EIC. To demonstrate the
proposed methods and address the data short-
age for empirical edit analysis, we use our best-
performing model to create Re3-Sci2.0, a new
large-scale dataset of 1,780 scientific document
revisions with over 94k labeled edits. The new
dataset enables an in-depth empirical study of
human editing behavior in academic writing.
We make our experimental framework, models
and data publicly available.'

1 Introduction

Generative large language models (LLMs) have
demonstrated substantial advancements in text gen-
eration tasks (Zhang et al., 2023; Wang et al., 2023;
Pham et al., 2023). However, their potential for
enhancing classification tasks, a significant subset
of NLP applications, remains underexplored. The
predominant strategy for applying LLMs to clas-
sification tasks is to cast them as generation tasks,
followed by instruction tuning (Qin et al., 2023;
Sun et al., 2023; Peskine et al., 2023; Milios et al.,
2023; Patwa et al., 2024), supervised fine-tuning
(Parikh et al., 2023), and active learning (Rouzegar
and Makrehchi, 2024), all of which aim to gener-
ate label strings within the output tokens. Recent
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Figure 1: In this work, we (1). present a general frame-
work to explore the classification capabilities of LLMs,
conducting extensive experiments and systematic com-
parisons on the EIC task; (2). use the best model to
create the Re3-Sci2.0 dataset, which comprises 1,780
scientific document revisions (a-b), associated reviews
(c, d), and 94,482 edits annotated with action and in-
tent labels (e, f), spanning various scholarly domains;
(3). provide a first in-depth empirical analysis of human
editing behavior using this new dataset.
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studies (Lee et al., 2024; Kim et al., 2024; Meng
et al., 2024) have shown the superiority of LLMs
as embedding models on the MTEB benchmark
(Muennighoff et al., 2023). However, there is a
lack of a holistic framework for a systematic study
of the classification capabilities of LLMs in end-to-
end fine-tuning paradigms. Yet, such a framework
is important as it extends beyond the current use of
LLMs as generative or embedding models for clas-
sification, opens new opportunities for a wide range
of real-world tasks, and reveals novel potential for
advanced LLM training and utilization.

To instantiate the framework, we seek a com-
plex, challenging, and underexplored task that is
crucial for addressing unresolved real-world ap-
plications. Edit intent classification (EIC) is such
a complex task, aiming to identify the purpose of
textual changes, necessitating a deep understanding
of the fine-grained differences between paired in-



puts. Previous works have provided small human-
annotated datasets and demonstrated the crucial
role of the intent labels in studying domain-specific
human editing behavior (Zhang et al., 2016; Yang
et al., 2017; Kashefi et al., 2022; Ruan et al., 2024).
However, due to the high cost of human annota-
tion, existing datasets are limited in size. There is
a lack of effective NLP automation and extensive
labeled datasets to facilitate larger-scale revision
analysis. From the modeling perspective, previous
studies have primarily explored EIC using basic
feature engineering (Zhang et al., 2016; Yang et al.,
2017; Kashefi et al., 2022), fine-tuning small pre-
trained language models (PLMs) (Du et al., 2022;
Jiang et al., 2022), or instruction tuning with LLMs
(Ruan et al., 2024). Advanced methodologies in-
volving fine-tuning LLMs remain unexplored. The
suboptimal results of previous works (Table 1) fur-
ther highlight the task’s inherent difficulty and the
necessity for advancements in NLP.?

To close the gap, we introduce a general frame-
work to explore the use of LLMs for classification,
featuring one generation-based and three encoding-
based fine-tuning approaches (§3). We instantiate
the framework in EIC, conduct extensive experi-
ments and provide novel insights from systematic
comparisons of the four approaches, eight LLMs,
and various training strategies. Our findings re-
veal that partially fine-tuned LLMs exhibit supe-
rior encoding and classification capabilities on EIC
compared to fully fine-tuned PLMs and instruction-
tuned larger LLMs. We also identify the most effec-
tive approach and LLM, among other insights (§4).
To illustrate the application of the proposed meth-
ods and address the lack of data for extensive edit
analysis, we use our models to create Re3-Sci2.0, a
large-scale dataset with 1,780 scientific document
revisions and 94,482 labeled edits across various re-
search domains (§5). This dataset enables the first
in-depth science-of-science (Fortunato et al., 2018)
analysis of scientific revision success and human
editing behavior across research domains (§5.3).
Our work thus makes four key contributions:

* A general framework for fine-tuning LLMs
for classification tasks, with four approaches
and various training strategies.

* Extensive experiments on EIC, and systematic
comparisons of different approaches, training

Note that direct performance comparison is not possible
due to different datasets, label sets and data sizes, but they
illustrate the inherent difficulty of EIC despite data variations.

strategies, PLMs and LLMs.

* A large dataset of 1,780 scientific document
revisions with 94,482 edits, annotated by our
best model, which achieves a macro average
F1 score of 84.3.

* A first in-depth science-of-science analysis of
scientific revision success and human editing
behavior across various scholarly domains.

Our work paves the path towards systematically
investigating the use of LLMs for classification
tasks. Our experiments yield substantial results in
the challenging EIC task. The resulting large-scale
dataset facilitates empirical analysis of human edit-
ing behavior in academic publishing and beyond.

2 Related Work

#label #train #test acc. method
Zhang et al. (2016) 8 1,757 10CV 58.8* FE
Yang et al. (2017) 13 5,777 10CV 59.7* FE
Kashefi et al. (2022) 3,238 5CV 68 FE

=]

Du et al. (2022) 5 3,254 364 49.4* PLM

Jiang et al. (2022) 4 600 200 844 PLMs

Jiang et al. (2022) 9 600 200 793 PLMs
Ruanetal. (2024) 5 2,234 8,936 70 LLM (inst)
Ours 5 7,478 2,312 85.6 PLMs & LLMs

Table 1: Comparison of related works on EIC, including
counts of unique intent labels, training and test sam-
ples, best accuracy (or *macro average F1 scores), and
explored methods. nCV: n-fold cross-validation. FE:
feature engineering.

Edit Intent Classification. Identifying the under-
lying intent of textual edits is a challenging yet
underexplored task, with only a few studies con-
tributing taxonomies, datasets and methodologies.
Among these, several works (Zhang et al., 2016;
Yang et al., 2017; Kashefi et al., 2022) have investi-
gated various feature engineering techniques and
employed basic classifiers such as SVM (Cortes
and Vapnik, 1995), MULAN (Tsoumakas et al.,
2011), and XGBoost (Chen and Guestrin, 2016).
Other studies (Du et al., 2022; Jiang et al., 2022)
explored fine-tuning PLMs such as RoBERTa (Liu
et al., 2019), T5 (Raffel et al., 2020), and PURE
(Zhong and Chen, 2021). Ruan et al. (2024) is the
first application of LLMs for EIC. However, it is
limited to using Llama2-70B (Touvron et al., 2023)
with instruction tuning, without any fine-tuning. As
outlined in Table 1, our work is the first to system-
atically compare different fine-tuning approaches
for a broad set of PLMs and LLMs using various
training strategies for EIC, achieving substantial
progress in this challenging task.
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Figure 2: Proposed approaches with a systematic investigation of the key components: input types (red), language
models (green), and transformation functions (yellow). See §3 and §4 for details.

LLMs for Classification. Previous studies have
utilized LLMs for classification, primarily aiming
to generate label strings within the output tokens
through instruction tuning (Qin et al., 2023; Sun
et al., 2023; Peskine et al., 2023; Milios et al., 2023;
Patwa et al., 2024). Few studies have enhanced
LLMs to generate label text through supervised
fine-tuning (Parikh et al., 2023) and active learn-
ing (Rouzegar and Makrehchi, 2024). Additionally,
recent studies (Lee et al., 2024; Kim et al., 2024;
Meng et al., 2024) have demonstrated the superi-
ority of LLMs as embedding models on MTEB?
(Muennighoff et al., 2023), an extensive text em-
bedding benchmark where embeddings are pro-
cessed by additional classifiers. However, there is
a lack of a holistic framework for systematically
investigating the encoding capabilities of LLMs
in end-to-end fine-tuning paradigms. We are the
first to address the gap by proposing encoding-
based methodologies that extensively investigate
and fine-tune LLMs as supervised classification
models, systematically comparing these method-
ologies with the generation-based approach within
a unified framework. While this work focuses
on the challenging and crucial EIC task (§1), our
methodologies and the framework are applicable
to a wide range of classification tasks.

3 Framework

We investigate four distinct approaches to fine-tune
LLMs for classification (§3.1), use various training
strategies including three input types (§3.2) and
five transformation functions (§3.3), systematically
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comparing different language models (§3.4).

3.1 Approaches

We illustrate the proposed approaches to text clas-
sification using the EIC task. We formulate it as a
multi-label classification task involving a sentence
edit pair e(S,, Sy, ), where S, represents the origi-
nal sentence and .5, denotes the new sentence after
the edit. In cases of sentence additions or deletions,
only the single added/deleted sentence (.5,,/5,) is
provided, while the corresponding pair sentence
remains empty. The objective is to predict an edit
intent label [ from a set of k possible labels L. As
illustrated in Figure 2,

» Approach Gen addresses the task as a text
generation task, aiming to produce the label
string within the output tokens from input text
that includes the task instruction, the old sen-
tence S,, and the new sentence S,,.

* Approach SeqC treats the task as a sequence
classification task using LLMs equipped with
a linear classification layer on top. It utilizes
the last hidden states of the last token (u) as
the input embedding for classification. The
linear layer transforms u of the model size d
into a k-dimensional logit vector, where the
maximum value indicates the predicted label.

* Approach SNet employs a Siamese architec-
ture for sequence classification. It processes
the two sentences independently through twin
Siamese LLMs, producing o and n (represent-
ing the last token of each), for the old and
new sentences respectively. A transformation
function f (§3.3) combines these into a single
representation u for classification.
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* Approach XNet employs a cross network
to process both sentences simultaneously
through a single LLM, extracting the last-
token embeddings o and n for the old and new
sentences respectively. They are then merged
into a single representation v by a transforma-
tion function f for classification.

3.2 Input Tuning

The input text, indicated by red blocks in Fig-
ure 2, comprises three components: the task in-
struction (inst), the original sentence S, and the
new sentence S,,. The task instruction outlines
the task’s objective and specifies the possible la-
bels. The input text is provided in two different
formats: (1) natural input, which includes only
the content of the instruction and the sentences,
and (2) structured input, where the content is en-
closed within specific structure tokens such as
<instruction></instruction>, <old></old>, and
<new></new>. In our experiments, we tune the
presence of task instructions and the input text for-
mats to explore their effects (§4). Examples of
input texts are displayed in Table 7 in §A.

3.3 Transformation Functions

In approaches SNet and XNet, the representations
of the old and new sentences, o and n, can be com-
bined into a single representation u using five dif-
ferent transformation functions f:

fdiff :u=mn-—o ()
faiffaBs :u=|n— o (2)
fn—difraBs :u=n®[n — o 3)
fr—otu=ndo (4)

fn—diffABS—0:u=n®|n—0/®o (5)

where & represents vector concatenation, - denotes
vector subtraction, and | | indicates that absolute
values are taken from the subtraction. The five
transformation functions are systematically evalu-
ated in our experiments (§4).

3.4 Language Models

The proposed approaches are intended for systemat-
ically investigating fine-tuning LLMs but are read-
ily extendable to other language models (LMs). We
explore eight of the most advanced LLMs: GPT-j
(Wang and Komatsuzaki, 2021), Mistral-Instruct
(Jiang et al., 2023), Llama2-7B and Llama2-7B-
Chat (Touvron et al., 2023), Llama2-13B and

Llama2-13B-Chat (Touvron et al., 2023), Llama3-
8B and Llama3-8B-Instruct*, and compare them
with two small PLMs: T5 (Raffel et al., 2020) and
RoBERTa (Liu et al., 2019). Details on model se-
lection and an overview of the chosen LLMs and
PLMs are provided in §A.

4 Results and Discussion

4.1 Data and Experimental Details

For our experiments, we seek a high-quality dataset
with a sufficient number of samples for fine-tuning.
Re3-Sci (Ruan et al., 2024) is such a dataset, which
comprises 11,566 high-quality human-labeled sen-
tence edits from 314 document revisions. We di-
vide the dataset into training, validation, and test
sets with 7,478/1,776/2,312 edits. Re3-Sci catego-
rizes edit intents into five distinct labels: Grammar
and Clarity for surface language improvements,
Fact/Evidence and Claim for semantic changes in
factual content or statements, and Other for all
other cases. The task is thus formulated as a 5-label
classification challenge given a sentence revision
pair (§3.1). We fine-tune all linear layers of the
LLMs using QLoRA (Dettmers et al., 2023). The
PLMs are fully fine-tuned with all weights being di-
rectly updated. For approach Gen, the output token
limit is set to ten. We define Answer Inclusion Rate
(AIR) as the percentage of samples where a label
string falls within the ten output tokens, regardless
of correctness. Further details are provided in §B.

4.2 Discussion

Table 2 shows the performance of human annota-
tors and instruction tuning baselines using GPT-4
and Llama2-70B (details in §B), as well as the per-
formance from approaches Gen and SeqC, compar-
ing various input types. Table 3 presents the com-
parative results of approaches SNet and XNet, eval-
uating different transformation functions. Based on
these results, we address five research questions:

RQ1: Are fine-tuned LLMs good edit intent clas-
sifiers compared to fully fine-tuned PLMs and
instruction-tuned larger LLLMs? Our results sug-
gest that LLMs can be effectively enhanced to serve
as good edit intent classifiers with our optimal ap-
proaches, outperforming larger instruction-tuned
LLMs and fully fine-tuned PLMs. First, we com-
pare our best results with the baselines. Bold texts
in Table 2(b) indicate that approach SeqC with ei-
ther Llama2-13B or Llama3-8B-Instruct achieves

4https: //github.com/meta-1lama/llama3
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Baselines

size acc. m.fl AIR acc. m.fl AIR

Human - 90.2 89.7 100
zero-shot ICT+CoT
GPT-4 - 455 37 999 648 60.9 100
Llama2-70B (2024) 70B - - - 70t 69t 100
(a). Gen
NFT Baselines Fine-tuned Models
Q inst + natural input Q) inst + structured input
base LM size acc. m.fl AIR acc. m.fl AIR acc. m. fl AIR
T5 220M 1.2 1.5 4.8 799 78.1 100 783 (1.6) 78.0(J0.1) 100
GPT+j 6B 126 9.3 689 328 17.5 97.6 212 11.6) 12.8(4.7) 86.8(]10.8)
Mistral-Instruct 7B 28.01 20.0f 999 685 634 100 62.8(15.7) 59.2(4.2) 100
Llama2-7B 7B 214 102 782 343 247 100 60.4 (126.1) 39.7 (115.0) 88.7 ({11.3)
Llama2-7B-Chat 7B 121 7.2 852 63.0 49.2 100 724 (19.4) 458(]3.4) 88.5()11.5)
Llama2-13B 13B 13.8 43 93.3 50.9 329 999 73.4 (122.5) 56.3 (123.4) 85.9(]14.0)
Llama2-13B-Chat 13B 0.5 1.6 2.0 75.5 729 100 83.6(18.1) 82.8(19.9) 100
Llama3-8B 8B 140 11.1 778 794 659 954 833 (13.9) 684 (12.5) 99.9(14.5)
Llama3-8B-Instruct 8B 12.6 144 47.3 8411 8247 100 84.71 (10.6) 83.77 (11.3) 100
(b). SeqC
NFT Baselines Fine-tuned Models
QO natural input Q) structured input B inst + structured input

base LM size acc. m. fl acc. m. fl acc. m. f1 acc. m. f1
RoBERTa 125M 225 7.3 784 7758 79.8 (11.4) 78.4(12.6) 78.8 (11) 75.8 (12.6)
GPT+j 6B 16.0 11.2 81.1 79.2 81.3(10.2) 80.0 (10.8) 82.2(10.9) 80.8 (10.8)
Mistral-Instruct 7B 157 9.1 833 819 524 (130.9) 32.8(49.1) 48.8(]3.6) 32.4(]04)
Llama2-7B 7B 24 1411 82.7 81.5 84.3 (11.6) 83.3(11.8) 84.5(10.2) 83.0(40.3)
Llama2-7B-Chat 7B 242 125 81.6 80.1 84.4 (12.8) 82.8(12.7) 83.8 (10.6) 82.1 (10.7)
Llama2-13B 13B 155 54 84.0 82.0 84.9 (10.9) 84.1(12.1) 85.4% (10.5) 84.3" (10.2)
Llama2-13B-Chat 13B 269 13.0 83.0 81.5 84.2 (11.2) 82.5(11.0) 85.1(10.9) 83.7(11.2)
Llama3-8B 8B 3567 13.0 84.1 82.3F 84.2 (10.1)  83.1(10.8) 46.8 (137.4) 26.4 (156.7)
Llama3-8B-Instruct 8B 10.6 9.0 84.47 822 85.6" (11.2) 84.37 (12.1) 83.4(12.2) 819(24)

Table 2: Results of human and instruction tuning baselines, approaches (a) Gen and (b) SeqC. Reported are accuracy
(acc.), macro average F1 score (m. f1) and Answer Inclusion Rate (AIR) on the test set. For each base LM, we
compare the performance of the non-fine-tuned model with that of models fine-tuned using different input formats,
noting performance differences in parentheses. The best-performing setting for each LM is underlined, and * denotes
the best-performing LM within each setting. The best metrics from each approach are highlighted in bold.

the highest macro average F1 score of 84.3. This
result notably exceeds the GPT-4 baselines, both
in a zero-shot setting and when enhanced with ICL
and CoT. It also surpasses an instruction-tuned
Llama2-70B, as reported by Ruan et al. (2024).
Then, we compare the results from fine-tuning
LLMs and PLMs. Table 2(b) shows that using the
encoding-based approach SeqC, all eight LLMs sur-
pass a fully fine-tuned RoBERTa in most settings,
highlighting the superior encoding capabilities of
LLMs. Table 2(a) shows that using approach Gen,
Llama2-13B-Chat, Llama3-8B, and Llama3-8B-
Instruct can achieve better or comparable results
to a fully fine-tuned T5. The favorable results in
Table 3(d) indicate that fine-tuning via XNet also
effectively enhances LL.Ms as edit intent classifiers.

RQ2: Which LLMs are more effective as edit
intent classifiers? Overall, an analysis of the best-
performing models, marked with T in Tables 2 and
3, reveals that the largest 13B Llama2 models and
the latest 8B Llama3 models outperform others in
most cases. Using the Gen approach (Table 2(a)),

the instruction-fine-tuned versions of LLMs con-
sistently and substantially outperform their non-
instruction-fine-tuned counterparts, which may be
attributed to their improved understanding of in-
structions. In SeqC (Table 2(b)), the non-Chat ver-
sions of the Llama2 models slightly outperform
their Chat version counterparts. However, Llama3-
8B-Instruct outperforms Llama3-8B using SeqC,
particularly with more complex inputs (further dis-
cussion in RQ4). In approaches SNet and XNet
(Table 3), there are no substantial or consistent per-
formance differences among the LLMs.

RQ3: Which approach is most effective? Over-
all, approach SeqC demonstrates superior perfor-
mance, answer inclusion rate (AIR), and inference
efficiency. Regarding AIR, Table 2(a) indicates
that generative models encounter AIR issues even
after fine-tuning. This suggests that the generation-
based approach is not optimal in practice due to
its lack of robustness and difficulty in control. The
other encoding-based approaches achieve perfect
AIR. In terms of performance, approaches SeqC



(c). SNet

O diff @ diffABS ® n-diffABS ® n-o ® n-diffABS-o
base LM acc. m. f1 acc. m. f1 acc. m. fl acc. m. f1 acc. m. fl
Llama2-7B 615 605 69.7 695 685  68.0 60.8 588 67.7  68.07
Llama2-7B-Chat 607 565 724 714 654 647 58.7 553 68.57  67.6
Llama2-13B 624 593 731 724 6715 672 61.0f  59.1f 66.0 672
Llama2-13B-Chat  63.77  61.61 69.4 693 669 663 604 579 66.0 653
Llama3-8B 610 574 70.6  69.8 69.87  68.71 58.6  56.6 64.8  63.8
Llama3-8B-Instruct  59.9  56.6 7337 7291 612 547 60.6 584 612 547

(d). XNet

o diff @ diffABS ® n-diffABS ® n-o (3 n-diffABS-o
base LM acc. m. f1 acc. m. f1 acc. m. f1 acc. m. f1 acc. m. fl
Llama2-7B 83.0 814 844  83.1 845 828 83.6 822 832 3816
Llama2-7B-Chat 843 832 83.6 819 83.6 824 833 814 832  81.8
Llama2-13B 843 827 840 827 85.0  83.9% 844 834 846t 837t
Llama2-13B-Chat 843 829 852t 837t 845  83.6 849 837t 84.6T 833
Llama3-8B 837 824 841 824 847  83.6 767 737 835 821
Llama3-8B-Instruct ~ 84.4T  83.4% 845 832 85.1t 837 851t 83.7f 84.1 833

Table 3: Results of approaches (c) SNet and (d) XNet. Reported are accuracy (acc.) and macro average F1 score
(m. f1) on the test set. For each base LM, we compare the performance of models fine-tuned using different
transformation functions (§3.3). The best-performing setting for each LM is underlined, T denotes the best-
performing LM within each setting. The best metrics from each approach are in bold.

and XNet are superior. The Siamese network (SNer)
consistently and substantially underperforms the
cross network (XNet) when using the same LLMs
and transformation functions (Table 3). Inference
efficiency is measured by the number of samples
processed per second during inference. This metric
is particularly important when applying the model
to large datasets. Figure 5 in §C compares the
three metrics for the four approaches using Llama?2-
13B as the base LM. Approach SeqC achieves per-
fect AIR, the best performance, and a 12x infer-
ence speedup compared to approach Gen and a 4x
speedup compared to SNet and XNet.

RQ4: What are the effects of the input types?
Now, we examine the ablation results detailed in
parentheses in Table 2. Table 2(a) shows that us-
ing structured input instead of natural language
input improves performance for the Llama2 mod-
els in approach Gen, though it may decrease AIR.
However, for GPT-j and Mistral-Instruct, structured
input has a substantial negative impact. Table 2(b)
shows that in approach SeqC, using structured in-
puts positively impacts RoOBERTa and all LLMs
except for Mistral-Instruct. Adding the task in-
struction to structured inputs has minimal effects
on most models, however, it particularly negatively
impacts Llama3-8B.

RQ5: What are the effects of the transformation
functions? We examine the most effective transfor-
mation functions, indicated by the most frequently
underlined columns in Table 3. Table 3(c) indi-
cates that when using SNet, fy; s Aps substantially
outperforms all other functions across all LLMs.

When using XNet, the best-performing functions
are fn_aiffABS» fdiffABs and fgirr, as shown in
Table 3(d). However, the differences across the
transformation functions are not substantial.

5 Application: Re3-Sci2.0

The original Re3-Sci dataset contains only 314 doc-
uments covering limited research domains, thus
constraining in-depth science-of-science analysis
of how humans improve scientific quality through
revisions and how their document-based editing be-
havior varies across domains. Having determined
the optimal approach for EIC among the consid-
ered ones, we apply our best-performing model
to create Re3-Sci2.0: the first large-scale corpus
of academic document revisions for edit analysis
across research domains.

5.1 Data Collection and Labeling

Re3-Sci is built upon F1000RD (Kuznetsov et al.,
2022) and the ARR-22 subset of NLPeer (Dycke
et al., 2023), which include revisions of scientific
papers and associated reviews. We extend the Re3-
Sci dataset by annotating the remaining documents
from the two source corpora totaling 1,780 scien-
tific document revisions: 325 from NLPeer and
1,455 from F1000RD.

The automatic annotation consists of two steps:
(1) Revision Alignment (RA) to identify sentence
revision pairs as well as additions and deletions of
sentences, and label them with action labels "Mod-
ify", "Add" or "Delete". We fine-tune a Llama2-
13B classifier using SeqC achieving an accuracy of



99.3%, and employ a two-stage method as detailed
in §D.1. (2). EIC to label the identified edits with
intent labels. We use the best-performing Llama2-
13B° classifier (§4), as it achieves the best perfor-
mance, perfect AIR and high inference efficiency.
A human evaluation of 10 randomly selected doc-
uments with 348 edits reveals 100% accuracy for
RA and 90.5% accuracy for EIC (details in §D.2).

5.2 Basic Statistics and Subsets

The Re3-Sci2.0 dataset includes 1,780 document
revisions with 94,482 edits, each annotated with
action and intent labels. The 325 documents from
NLPeer are all from the NLP field (nlp), whereas
the documents from F1000RD fall into three main
subject domains: Natural Sciences (nat), Medi-
cal and Health Sciences (med) and Social Sciences
(soc). Specific documents from the medical domain
that provide brief reports on individual medical
cases are separated from standard medical research
papers to form a distinct case category. Similarly,
documents from the natural sciences domain that
provide technical reports on software or tools, pri-
marily from computational biology, are separated
into the rool category. §D.3 provides detailed defi-
nitions of the research domains and document cate-
gories, Table 4 presents statistics for each subset.

doc. edit d_word d_sent. d_edit
all 1,780 94,482 4,650 201 53
nlp 325 29,782 5,775 262 92
case (med) 112 2,248 2,118 100 20
med 208 7,521 4,616 193 36
tool (nat) 162 7,143 3,505 170 44
nat 349 18,834 5,001 210 54
soc 46 2,466 4,888 206 54

Table 4: Re3-Sci2.0 statistics and subsets. Presented are
counts of documents and total sentence edits, and aver-
age counts of words, sentences and edits per document.

5.3 Analysis of Editing Behavior

As aresource, Re3-Sci2.0 enables new empirical in-
sights into the text editing behavior in the academic
domain. We illustrate this analysis by investigating
the following research questions:

RQ1: How do successful revisions enhance sci-
entific quality compared to unsuccessful ones?
We interpret increased review scores between docu-
ment versions as indicators of successful revisions
and improvements in scientific quality (more de-
tails in §E.1). We investigate the focus of authors’

SWe did not use the Llama3 classifiers since Llama3 was
released after our auto-annotation process was completed.

revisions by analyzing the document-based propor-
tions of edit action and intent combinations as key
variables. A value of 1 is assigned to successfully
revised documents with increased review scores
and 0 to unsuccessful ones. We then fit a binary
logistic regression model to predict revision suc-
cess, which is statistically significant with an LLR
p-value of 0.001. Table 5 shows that focusing on
modifications to enhance clarity and claims, and
additions of new facts or evidence, significantly
and positively influences the success of revisions.
Additionally, Table 10 in §E.1 indicates that suc-
cessful revisions include significantly more edits
compared to unsuccessful ones.

coef p-value
Add, Fact/Evidence 0.9341 0.003
Add, Claim 0.6116 0.221
Delete, Fact/Evidence 2.0920 0.061
Delete, Claim 2.9626 0.076
Modify, Grammar -0.5324  0.161
Modify, Clarity 1.0723 0.004
Modify, Fact/Evidence  0.3506 0.347
Modify, Claim 3.3392 0.040

Table 5: Results of the binary logistic regression. Pre-
sented are the regression coefficients for the variables.
Bold values indicate statistical significance (p < 0.05).

RQ2: How do human editing behaviors differ
across various research domains and document
categories? To analyze human editing behaviors,
we examine the proportions of action and intent
combinations to reflect authors’ editing focus (Fig-
ure 4) and analyze the distribution of edits across
documents to identify editing location (Figure 3).
A Kullback-Leibler Divergence (KL) analysis of
the distributions across research domains and doc-
ument categories is shown in Figure 7 in §E.2.
Analysis indicates that human editing behav-
iors are consistent within the same research do-
main, despite variations in document categories.
For example, consider the case and med categories,
both from the medical domain. Table 4 here and
Figure 6 in §E.2 show that medical case reports
(case) are generally shorter with fewer edits com-
pared to other documents in the medical sciences
(med). However, the revision focus of the authors
appears similar, as illustrated in Figure 4b and Fig-
ure 4c. This similarity is further substantiated by
the low KL values between case and med shown in
Figure 7c in §E.2. The revision locations for both
action and intent in case and med are also similar,
as evidenced by comparing Figure 3b and Figure
3c, as well as Figure 3h and Figure 3i. These sim-
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Figure 3: Edit action and intent labels distribution over documents. The x-axis represents the relative sentence
positions within documents. G: Grammar, Cy: Clarity, F: Fact/Evidence, Cm: Claim, O: Other.
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Figure 4: Combinations of edit action and intent labels
across various categories. A: Add, D: Delete, M: Mod-
ify, G: Grammar, Cy: Clarity, F: Fact/Evidence, Cm:
Claim, O: Other.

ilarities are supported by low KL scores between
case and med in both Figure 7a and Figure 7b. Sim-
ilarly, when comparing tool and nat across Figures
3,4 and 7, it is evident that human editing focus and
location are consistent within the natural sciences,
regardless of different document categories.
Regarding editing focus, Figure 4 indicates that
authors in the medical domain (case and med) and
natural sciences (fool and nat) tend to make fewer
deletions. In contrast, authors in NLP (nlp) and
social sciences (soc) make more deletions, with the
former emphasizing Fact/Evidence and the latter
focusing more on Claim. Figure 7c in §E.2 further
shows that the social sciences domain differs most
substantially from other domains in terms of editing
focus, as indicated by the high KL scores between
soc and other domains. Regarding editing location,
Figure 3 illustrates that in NLP, the final parts of
documents are most frequently revised, primarily
through additions and deletions of Fact/Evidence
and Claim. In medical sciences (case and med), the
70-90% range of relative document positions is in-
tensively revised, characterized by more additions

and claim changes compared to other locations. In
natural sciences (ool and nat) and social sciences
(soc), edits tend to be more evenly distributed.

6 Conclusion

We have introduced a general framework for fine-
tuning LLM classifiers, including four approaches,
various LLM families, and training strategies. Ex-
periments on EIC have demonstrated the strong en-
coding capabilities of LLMs. Our findings suggest
that LLMs can be effectively fine-tuned as intent
classifiers, outperforming fully fine-tuned PLMs
and most advanced larger LLMs with instruction
tuning. Among the approaches, the encoding-based
SeqC approach has shown superiority in model
performance, inference efficiency, and answer in-
clusion, while the cross network (XNer) also per-
forms strongly. Using the best model achieving
a macro average F1 score of 84.3, we have anno-
tated a large-scale dataset of scientific document
revisions, enabling in-depth empirical analysis of
revision success and human editing behavior across
various research domains. Our illustratory analysis
suggests that (1) focus on Clarity and Claim modi-
fications and Fact/Evidence additions significantly
and positively impacts revisions success; (2) human
editing focus and location remain consistent within
the same research domain regardless of document
categories but vary substantially across different
domains. Our work paves the way for systematic
investigation of LL.Ms for classification tasks and
beyond. The general experimental framework is
applicable to a wide range of classification tasks.
The annotated dataset provides a robust foundation
for multifaceted science-of-science research. The
annotation models and processes can be applied to
other domains as relevant data becomes available.



Limitations

This study has several limitations that should be
considered when interpreting the results. From a
task and modeling perspective, this work focuses
on edit intent classification, aiming to address this
complex, challenging, yet underexplored task and
facilitate crucial but understudied real-world appli-
cations for science-of-science analysis. The exper-
imental results and discussions may not directly
apply to other classification tasks. However, the
proposed approaches and training strategies can be
readily adapted to a wide range of classification
tasks using our experimental framework, which we
leave for future work.

From a data and analysis standpoint, the study’s
focus on English-language scientific publications
stems from the limited availability of openly li-
censed scholarly publications in other languages.
The use of Re3-Sci is driven by the need for
high-quality and sufficiently large datasets for fine-
tuning. Exploring the transferability of our findings
to new languages, domains, and editorial work-
flows represents a promising direction for future
research. When new data becomes available, our
publicly available models can be used for anno-
tation and analysis. Additionally, our experimen-
tal framework facilitates easy fine-tuning on other
datasets and allows for systematic comparisons of
various approaches and training strategies.

Finally, we highlight that our analysis serves an
illustrative purpose. Its primary goal is to inspire
researchers from other related disciplines to utilize
natural language processing-based analysis in an-
swering new questions about research work and
scientific publishing. Enabled by the new dataset
and methods, we leave the in-depth investigation
of human editing behavior across research commu-
nities for future research.

Ethics Statement

Re3-Sci and both subsets of the source data are
licensed under CC-BY-NC 4.0, ensuring that the
construction and use of our dataset comply with
licensing terms. Our annotated dataset is available
under a CC-BY-NC 4.0 license. The automatic an-
notation and analysis process does not involve the
collection of any personal or sensitive information.
For privacy protection, author metadata has been
omitted from the data release.
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A  Framework

Input Tuning. Table 7 provides examples of input
texts in various settings, see §3.2 for details on
input tuning.

Language Models. We select the LLMs based
on four criteria: (1) they should be open-sourced
to ensure reproducibility; (2) they should have a
reasonable size to allow fine-tuning with moder-
ate computing resources, while still varying in size
(ranging from 6B to 13B) to assess the impact of
model size; (3) there should be both instruction-
fine-tuned and non-instruction-fine-tuned versions
to study their performance differences and evalu-
ate the effectiveness of instruction fine-tuning for
different approaches (see RQ2 in §4.2), and (4)
they should be recent and proven to be state-of-
the-art or advanced on extensive NLP benchmarks
(Zellers et al., 2019; Lin et al., 2022; Muennighoff
et al., 2023). For the generation-based approach,
we select an encoder-decoder PLM specifically
designed for text-to-text generation to align with
the approach’s design. For the encoding-based ap-
proach, we use an encoder-only transformer model
to assess its encoding capabilities in comparison
to LLMs. Table 8 compares the models’ features,
including parameter size, number of layers, model
dimension and architecture.

base LM r a d acc. m.fl  AIR
(a). Text generation
Llama2-13B-Chat 16 16 0.1 81.5 80.7 100
128 16 0.1 81.8 8l.1 100
128 128 0.1 824 815 100
256 16 0.1 80.8 80.7 100
256 128 0.1 831 682 999
256 256 0.1 836 828 100
256 512 0.1 795 66.1 94.1
512 16 0.1 81.7 669 999
512 512 0.1 823 674 998
1024 16 0.1 81.5 803 100
1024 512 0.1 74 56.3 877
1024 1024 0.1 84.5 68.9 99.9
2048 16 0.1 817 671 999
2048 2048 0.1 82 80.7 100
(b). Sequence Classification
Llama2-7B-Chat 16 16 0.1 839 822 100
64 64 0.1 837 823 100
128 128 0.1 844 828 100
128 128 0.2 84.1 825 100
256 256 0.1 838 82.0 100
512 512 0.1 81.7 805 100

Table 6: Hyperparameters tuning. r: LoRA rank, a:
LORA alpha, d: dropout. acc.: accuracy, m.f1: marco
F1 score, AIR: Answer Inclusion Rate.
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(@) Gen (V) inst + natural input
Instruction: Classify the intent of the following sentence edit. The possible labels are: Grammar, Clarity,
Fact/Evidence, Claim, Other.
INPUT:
OLD: The model is trained in a NVIDIA GeForce RTX 2080Ti GPU.
NEW: The model is trained in an NVIDIA GeForce RTX 2080Ti GPU.
RESPONSE:
() inst + structured input
<instruction>
Classify the intent of the following sentence edit. The possible labels are: Grammar, Clarity,
Fact/Evidence, Claim, Other.
</instruction>
<input>
<old> The model is trained in a NVIDIA GeForce RTX 2080Ti GPU. </old>
<new> The model is trained in an NVIDIA GeForce RTX 2080Ti GPU. </new>
</input>
<response>
(b) SeqC () natural input

The model is trained in a NVIDIA GeForce RTX 2080Ti GPU.
The model is trained in an NVIDIA GeForce RTX 2080Ti GPU.

() structured input

<old> The model is trained in a NVIDIA GeForce RTX 2080Ti GPU. </old>
<new> The model is trained in an NVIDIA GeForce RTX 2080Ti GPU. </new>

() inst + structured input

Classify the intent of the following sentence edit. The possible labels are: Grammar, Clarity,

Fact/Evidence, Claim, Other.

<old> The model is trained in a NVIDIA GeForce RTX 2080Ti GPU. </old>
<new> The model is trained in an NVIDIA GeForce RTX 2080Ti GPU. </new>

Table 7: Examples of different input types.

B Experimental Details

We fine-tune all linear layers of the LLMs using
QLoRA (Dettmers et al., 2023), tuning parame-
ters such as LoRA rank (7), LoRA alpha (a), and
dropout (d) during initial experiments. Based on
the results in Table 6, we set the parameters as fol-
lows: for approach Gen, we set r=256, a= 256,
d=0.1; for approaches SeqC, SNet, and XNet, the
settings are r=128, a=128, d=0.1. The small PLMs,
TS5 and RoBERTa, are fully fine-tuned with all
weights being directly updated.

For approach Gen, the output token limit is set
to ten. We define the metric Answer Inclusion Rate
(AIR) as the percentage of samples where a label
string falls within the ten output tokens regardless
of correctness. If the output tokens do not contain
any label string, the prediction is considered a fail-
ure. When using RoBERTa for approach SeqC, the
the first token representation is used as the input
for classification.

For all approaches and base LMs, the models
are fine-tuned for ten epochs on the training set,
with checkpoints saved after each epoch. The final
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model selection is determined based on evaluation
results from the validation set, and its performance
is subsequently assessed on the test set. For ap-
proaches SeqC, SNet, and XNet, a single NVIDIA
A100 or H100 GPU with 80GB memory is utilized.
Approach Gen requires two such GPUs.

In Table 2, the human performance is calcu-
lated from individual human annotations in Re3-Sci
and the gold labels aggregated by majority voting.
For the GPT-4 baselines, the gpt-4-turbo model re-
leased in April 2024 was used. GPT-4 (ICL+CoT)
uses the default ICL examples and CoT formats
provided by Ruan et al. (2024). In Table 3, the
structured input format (§3.2) without task instruc-
tions is used.

C Discussion

Figure 5 compares the three metrics for the four
approaches using Llama2-13B as the base LM. Ap-
proach SeqC achieves perfect AIR, the best per-
formance, and a 12x inference speedup compared
to approach Gen and a 4x speedup compared to
approaches SNet and XNet.



models size #layers dim  inst architecture
GPT+j (2021) 6B 28 4096 no  decoder-only
Mistral-Instruct (2023) 7B 32 4096 yes decoder-only
Llama2-7B (2023) 7B 32 4096 no  decoder-only
Llama2-7B-Chat (2023) 7B 32 4096 yes decoder-only
Llama2-13B (2023) 13B 40 5120 no  decoder-only
Llama2-13B-Chat (2023) 13B 40 5120 yes decoder-only
Llama3-8B (2024) 8B 32 4096 no  decoder-only
Llama2-8B-Chat (2024) 8B 32 4096 yes decoder-only
RoBERTa-base (2019) 125M 12 768 no  encoder-only
T5-base (2020) 220M 12 768 no  encoder-decoder

Table 8: Language model comparisons. Presented are the parameter size, number of layers, model dimension,
whether the model is fine-tuned for instruction-following, and the transformer architecture of each model.
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Figure 5: Approaches comparison. AIR: Answer In-
clusion Rate, performance: accuracy, efficiency: the
number of samples processed per second during infer-
ence.

D Auto-annotation

D.1 Revision Alignment

Both source datasets, F1I000RD and NLPeer con-
tain structured documents organized into sections
and paragraphs, which we refine to sentences using
the method proposed by Ruan et al. (2024). To
manage the extensive comparison scope resulting
from candidate pairs within long document revi-
sions, we employ a two-stage approach for revi-
sion alignment. Initially, we utilize the lightweight
pre-alignment algorithm proposed by Ruan et al.
(2024), which efficiently identifies candidates and
accurately extracts revision pairs with a precision
of 0.99, while maintaining minimal computational
cost. However, the recall for alignment (0.92) is
relatively low due to the algorithm’s stringent align-
ing rules. To address this, we fine-tune a Llama2-
13B model using approach SeqC with instruction
and structured input on the revision alignment data
from Re3-Sci. This achieves a precision of 0.99 for
non-alignment and a recall of 0.99 for alignment,
perfectly enhancing the pre-alignment algorithm.
We selectively apply the fine-tuned model to non-
aligned candidates identified by the pre-alignment
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algorithm. This approach allows us to identify miss-
ing revision pairs without significantly increasing
computational overhead. The identified revision
pairs are annotated with the action label "Modify".
Sentences in the new document that do not align
with any in the old document are labeled as "Add",
while unmatched sentences in the old document are
marked as "Delete".

D.2

A human evaluation of the labeled Re3-Sci2.0 data
is conducted, randomly selecting 10 documents
with 348 edits. The evaluation reveals 100% ac-
curacy for revision alignment, and for edit intent
classification, a 90.5% accuracy and a macro av-
erage F1 score of 86.4. Table 9 indicates that the
failures in edit intent classification are particularly
associated with the low-resource "Other" class in
the training set (Ruan et al., 2024), while the other
classes have substantial F1 scores.

Human Evaluation

D.3 Subject Domains and Document
Categories

The F1000RD documents fall into three main sub-
ject domains according to the FI000RD website®:

* Medical and health sciences focuses on the
provision of healthcare, the prevention and
treatment of human diseases and interventions
and technology for use in healthcare to im-
prove the treatment of patients.

Natural sciences comprises the branches of
science which aim to describe and understand
the fundamental processes and phenomena
that define our natural world, including both
life sciences and physical sciences.

6https: //f1000research.com/


https://f1000research.com/

class Total Grammar Clarity Fact/Evidence Claim Other

count 348 17 61 158 88 24

metrics [Acc. M.F1I|/P R FI|P R F1 |P R F1 [P R Fl |P R Fl
90.5 86.4 [73.9 100 85|84.1 95.1 89.2|92.6 94.9 93.8|97.4 85.2 90.9|88.2 62.5 73.2

Table 9: Human evaluation of edit intent classification. Displayed are the overall accuracy (Acc.), macro average F1
score (M. F1), and precision (P), recall (R), and F1 score for each label. The failures are particularly associated with
the low-resource "Other" class in the training set (Ruan et al., 2024), while the other classes have substantial F1

SCOres.

successful — unsuccessful
#Grammar 5.5 6.1
#Clarity 9.3 7.3
#Fact/Evidence  22.0 19.1
#Claim 8.6 59
#Other 1.0 0.7
#edits 46.4 39.1

Table 10: Average number of edits per intent per docu-
ment and average number of total edits per document.
Values are bolded if two-sample t-tests indicate a signifi-
cant difference between the successful and unsuccessful
groups, with p<0.05.

* Social sciences subject areas seeks to under-
stand social relationships, societal issues and
the ways in which people behave and shape
our world.

The six document categories are defined as:

* nlp: documents from the NLPeer corpus that
present research on Natural Language Process-

ing

case (med): specific FIO0O0RD documents
from the medical and health sciences that pro-
vide short reports on individual medical cases

med: other research papers from the med-
ical and health sciences domain within the
F1000RD dataset

tool (nat): specific FI000RD documents from
the natural sciences domain that provide tech-
nical reports on software or tools, primarily
from computational biology

nat: other research papers from the natural
sciences field within the FI000RD dataset

soc: documents from the social sciences do-
main within the F1000RD dataset

Documents that do not fit into any domains or be-
long to more than one domain are excluded from
the divisions.
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Figure 6: Comparison of categories by (a) document
sentence count and (b) sentence edits within documents.

E Edit Analysis

E.1 Successful vs. Unsuccessful Revisions

We interpret increased reviewer scores as indica-
tors of successful revisions and improvements in
scientific quality. Reviewers in the F1000RD com-
munity evaluate publications using one of three
decisions: "reject," "approve-with-reservations," or
"approve", which we convert into numeric values.’
Document revisions that result in an increased aver-
age reviewer score are considered successful, while
those that do not are deemed unsuccessful. Among
the 849 F1I000RD documents with reviewer scores
for both initial and final versions, 575 are catego-
rized as successful and 274 as unsuccessful. Docu-
ments from the NLPeer corpus lack final reviewer
scores for their final versions; however, since all
are accepted to a venue, we assume that the 325
documents have all undergone successful revisions.
Given that our objective for RQ1 in §5.3 is to com-
pare successful revisions with unsuccessful ones,
we utilize the categorized F1000RD documents for
the analysis, as the NLPeer documents lack unsuc-
cessful samples.

Table 10 shows that successful revisions contain
significantly more edits than unsuccessful ones, par-
ticularly with more changes in Clarity and Claim.

E.2 Editing Behavior across Research
Domains and Document Categories

""reject":1, "approve-with-reservations":2, "approve":3
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Figure 7: Kullback-Leibler (KL) Divergence analysis of
the distributions across categories for (a) action location
(Figure 3, 1st line) (b) intent location (Figure 3, 2nd line)

and (c) edit action and intent combinations (Figure 4).

The higher the KL divergence, the greater the difference
between the distributions.
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