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Abstract
GPT-3 and GPT-4 models are powerful, achiev-
ing high performance on a variety of Natural
Language Processing tasks. However, there is
a relative lack of detailed published analysis
of their performance on the task of grammat-
ical error correction (GEC). To address this,
we perform experiments testing the capabilities
of a GPT-3.5 model (text-davinci-003)
and a GPT-4 model (gpt-4-0314) on ma-
jor GEC benchmarks. We compare the perfor-
mance of different prompts in both zero-shot
and few-shot settings, analyzing intriguing or
problematic outputs encountered with different
prompt formats. We report the performance of
our best prompt on the BEA-2019 and JFLEG
datasets, finding that the GPT models can per-
form well in a sentence-level revision setting,
with GPT-4 achieving a new high score on the
JFLEG benchmark. Through human evalua-
tion experiments, we compare the GPT models’
corrections to source, human reference, and
baseline GEC system sentences and observe
differences in editing strategies and how they
are scored by human raters.

1 Introduction

Over the past few years, significant strides have
been made in the field of Natural Language Pro-
cessing (NLP). OpenAI’s GPT models, including
GPT-3 (Brown et al., 2020) and GPT-4 (OpenAI,
2023), have gained widespread attention among
researchers and industry practitioners and demon-
strated impressive performance across a variety of
tasks in both zero-shot and few-shot settings.

However, information about these models’ per-
formance in the task of grammatical error correc-
tion (GEC) is still relatively scarce. OpenAI’s
technical reports do not include benchmark scores
for GEC, as are present for other tasks such as
Question Answering. As OpenAI updates its
latest model, there have been only a few stud-
ies that try to shed some light on GPT’s perfor-
mance on the GEC task. These works, which

Prompt:
She no went to the market.

Sample Response:
She did not go to the market.

Figure 1: OpenAI’s example prompt for “grammar cor-
rection,” showing an input and output (highlighted in
green) for the sentence-level revision task. Our experi-
ments with GPT-3.5 and GPT-4 are based on this pattern.

we discuss further in Section 2, present a pre-
liminary analysis on text-davinci-002 and
gpt-3.5-turbo. Our work seeks to add to and
complement these, targeting different GPT models,
presenting a more fine-grained prompt and hyper-
parameter search, and collecting comparative edit
quality ratings from human annotators.

In this work, we assume a prompt setting in
which the input is a single potentially ungrammati-
cal sentence and the output is a single correction,
as seen in Figure 1. We have chosen this setting to
match the format of widely used GEC benchmarks
which are scored by comparing parallel sentences.
In addition, we assume a specific task setting of
GEC for text revision, taking an ill-formed sentence
as input and producing a well-formed version of the
sentence which preserves the perceived meaning.

Following a prompt search, we report the per-
formance of text-davinci-003, as well as a
current GPT-4 model (gpt-4-0314), on GEC
benchmark test sets. We then define a subset of
sentences and perform side-by-side comparisons
of the GPT models’ generations, the outputs of
two baseline GEC systems, and the human refer-
ence edits included in the benchmark datasets. We
report scores from both automated metrics and hu-
man raters and perform qualitative analysis of the
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differences between the respective corrections. We
also describe our prompt development process and
the effect of the temperature hyperparameter on
GPT-3.5 and GPT-4’s performance on this task.

Based on our experiments, we observe that:

• Given a suitable prompt, the GPT models be-
have reliably in the single-sentence prompt set-
ting, generating no unexpected sequences such
as comments or new lines.

• The models show strong performance on the sen-
tence revision task, with GPT-4 achieving a new
high score on the JFLEG test set.

• The models exhibit some prompt sensitivity.
Both the error correction quality and the reliabil-
ity of the output format differ significantly based
on simple changes to wording or punctuation.

• Using our final prompt, the models seem to favor
fluency corrections, underperforming on metrics
and datasets which rely on a single reference
with minimal edits, but performing well on flu-
ency edit tasks and in human evaluations.

• The models occasionally over-edit, changing the
meaning of a sentence during correction, or ex-
panding fragments with new material.

• As a result of the above, different automatic met-
rics and human raters sometimes disagree on the
relative quality of corrections. We examine some
cases of this in Section 6.

Our experimental results emphasize the impor-
tance of the specific task setting and choice of
benchmark when prompt engineering for large lan-
guage models such as GPT-3.5 and GPT-4.

2 Background

2.1 OpenAI Models
Following the success of Transformer-based large
language models (LLMs) on several NLP tasks, in
which increasing the number of the model’s param-
eters consistently showed improvements, Brown
et al. (2020) trained a 175 billion parameter auto-
regressive LM: GPT-3. GPT-3.5 models are refined
from GPT-3 using reinforcement learning from hu-
man feedback (Ouyang et al., 2022). The succes-
sor to these, GPT-4, is assumed to be even larger,
but the parameter counts were not described in
its technical report (OpenAI, 2023). Both models
were evaluated on “over two dozen NLP datasets”,
whose tasks range from Question Answering (QA)
to Natural Language Inference (NLI) and Read-
ing Comprehension (RC). GPT-4 was additionally

tested on a set of exams that were originally de-
signed for humans However, no GEC dataset was
considered in either of the models’ evaluation, ne-
cessitating independent task-specific analysis.

Ostling and Kurfalı (2022) use a single 2-shot
prompt to investigate text-davinci-002 in
Swedish GEC, finding its performance strong con-
sidering it was trained on very little Swedish text.

Following the release of ChatGPT, Wu et al.
(2023) assess its GEC capabilities using a sin-
gle zero-shot prompt on the CoNLL-2014 dataset
(Ng et al., 2014). Fang et al. (2023), investigate
gpt-3.5-turbo with both zero-shot and few-
shot prompting, as well as human evaluations of the
results. These studies both find that the GPT mod-
els tend to make fluency edits and over-corrections.

Our work differs from the above in the models
assessed, the nature of our prompt search, which
is more fine-grained in order to investigate prompt
sensitivity, and in the aims of our human exper-
iments. The previous studies on ChatGPT ask
participants to identify phenomena such as over-
corrections and under-corrections, whereas our ex-
periment elicits comparative error quality ratings.

2.2 Grammatical Error Correction

Writing is not an easy task. Given a goal, we have
to decide what to say and how to say it, making
sure that the chosen words can be integrated into a
coherent whole and conform to the grammar rules
of a language (Zock and Gemechu, 2017). This has
motivated the NLP community to develop innova-
tive approaches for writing assistance, which are
particularly focused on error correction.

GEC research can generally be defined in terms
of one of two broad task settings. The first is edu-
cation for language learners, in which case easily
comprehensible minimal edits are employed, with
an emphasis on achieving grammaticality but oth-
erwise leaving the sentence as-is. The other is
a revision task in which a sequence is edited to
sound fluent and natural, and any number or type
of changes can be applied as long as the intended
meaning, as interpreted by the editor, is preserved.

Research on GEC has primarily been investi-
gated based on the CoNLL-2014 and BEA-2019
(Bryant et al., 2019) shared tasks, where systems
are evaluated by F0.5 score. Since the datasets
provided by these two tasks focus on grammati-
cality, Napoles et al. (2017) released the JFLEG
dataset as a new gold standard to evaluate how flu-



GPT-3.5 GPT-4
No. Prompt τ=0.1 τ=0.5 τ=0.9 τ=0.1 τ=0.5 τ=0.9

1 Make this sound more fluent: \n\n {x} 0.314 0.301 0.266 0.245 0.240 0.230

2 Update to fix all grammatical and spelling errors: \n\n {x} 0.368 0.355 0.330 0.484 0.481 0.474

3 Improve the grammar of this text: \n\n {x} 0.494 0.486 0.459 0.427 0.421 0.414

4 Correct this to standard English: \n\n "{x}" 0.503 0.500 0.486 0.429 0.424 0.412

5 Act as an editor and fix the issues with this text: \n\n {x} 0.516 0.505 0.494 0.444 0.444 0.435

6 Original sentence: {x} \n Corrected sentence: 0.552 0.547 0.533 0.523 0.521 0.520

7 Correct this to standard English: \n\n {x} 0.559 0.554 0.542 0.452 0.453 0.444

8 Correct the following to standard English: \n\n Sen-
tence: {x} \n Correction:

0.569 0.564 0.551 0.495 0.488 0.480

9 Fix the errors in this sentence: \n\n {x} 0.569 0.566 0.554 0.541 0.542 0.534

10 Reply with a corrected version of the input sentence with all
grammatical and spelling errors fixed. If there are no errors,
reply with a copy of the original sentence. \n\n Input sen-
tence: {x} \n Corrected sentence:

0.582 0.581 0.577 0.601 0.599 0.597

Table 1: Performance of different prompts and temperature parameter combinations in a zero-shot GEC setting
using GPT-3.5 and GPT-4. All scores are GLEU scores on the JFLEG development set. {x} represents a source
sentence. \n represents a line break. Bold numbers indicate the best-performing combinations.

ent a text is. Results on this dataset are evaluated
with GLEU (Napoles et al., 2015), which relies
on n-gram overlap rather than the number of error
corrections found in a sentence.

The best systems on each of the aforemen-
tioned tasks show a variety of approaches: clas-
sification with logistic regression (Qorib et al.,
2022), a combination of Statistical and Neural
Machine Translation (Grundkiewicz and Junczys-
Dowmunt, 2018; Junczys-Dowmunt et al., 2018;
Kiyono et al., 2019), sequence tagging with
encoder-only Transformer models (Omelianchuk
et al., 2020; Tarnavskyi et al., 2022), a multilayer
CNN encoder-decoder (Chollampatt and Ng, 2018),
and Transformers-based encoder-decoder models
(Stahlberg and Kumar, 2021; Kaneko et al., 2020).

3 Prompt Engineering

GPT models are autoregressive decoder-only lan-
guage models with a natural language text prompt
as input. In our task, given an instruction prompt c
and input sentence x, GPT models generate a text
sequence (y, tokenized as (w1, w2, . . . wT )) based
on the following log likelihood:

log pθ(y|c, x) =
T∑
t=1

log pθ(wt|c, x, w<t−1)

To best apply the GPT models to this task, it
is necessary to first devise an appropriate prompt.
Therefore, our first step is prompt engineering.

Since the format and even exact wording of a
large language model’s prompts can have a signifi-
cant effect on task performance (Jiang et al., 2020;
Shin et al., 2020; Schick and Schütze, 2021), we
design several different candidate prompts for the
GEC task, starting with a zero-shot setting. Table 1
shows the zero-shot prompts we experimented with,
as well as their results. Elsewhere in this paper, we
will refer to these prompts by number based on their
index from this table. We begin the prompt search
with GPT-3.5 using OpenAI’s example prompt for
grammatical error correction:1

Correct this to standard English:\n\n

Interestingly, this prompt is defined within the
COMPLETIONS endpoint in the OpenAI API. As an
EDITS endpoint also exists, it may occur to a user
to define this task with that endpoint, as grammat-
ical error correction can be considered an editing
task. In our initial experiments, however, we found
that the performance of the EDITS endpoint in this
task lagged behind that of the COMPLETIONS end-
point, so we continued our prompt engineering
experiments using COMPLETIONS as seen in the
example. Unlike the GPT-3.5 model, GPT-4 only
has a CHAT completion endpoint available via the
API. To maintain similarity across experiments, we

1https://platform.openai.com/examples/
default-grammar, as of April 22, 2023

https://platform.openai.com/examples/default-grammar
https://platform.openai.com/examples/default-grammar


submit our prompts to GPT-4 as a single input as
the “user” role, without defining a system message.

We start our prompt engineering experiments
with slight modifications to the wording of the ex-
ample prompt, such as adding quotes to the target
sentence, as seen in Prompt #4. We then experi-
ment with “fields” such as “Sentence:” and “Cor-
rection:”, as seen in Prompt #8. These relatively
small adjustments are designed to test the GPT
models’ prompt sensitivity. Finally, we experiment
with a more complex prompt, #10, which specifies
a behavior when the sentence is already correct.

In addition, we use nucleus (top-p) sam-
pling (Holtzman et al., 2020) to generate tokens,
repeating experiments with temperature hyperpa-
rameters τ of 0.1, 0.5, and 0.9.2

To select the best prompt and temperature com-
bination, we use GLEU scores on the JFLEG de-
velopment set.

After identifying the best zero-shot prompt, we
proceeded to experiments in a few-shot setting,
adding one or more example sentence-correction
pairs to our best zero-shot prompt to demonstrate
the GEC task. We experimented with up to six
example sentence-correction pairs.

4 Evaluation Experiments

4.1 Data and Benchmarks
We use two benchmark datasets: the BEA-2019
shared task dataset and JFLEG. For GEC bench-
mark scores, we use the test set for both. For quali-
tative analysis and a human evaluation experiment
in which different corrections are compared side-
by-side, we define a smaller sample of 200 sen-
tences. We select the first 100 sentences each from
BEA-2019 development set3 and the JFLEG test
set, excluding sentences with fewer than 10 tokens,
which were mostly greetings or highly fragmentary.

4.2 Human Evaluation
In our study, we use the method from Sakaguchi
and Van Durme (2018), which efficiently elicits
scalar annotations as a probability distribution by
combining two approaches: direct assessment and
online pairwise ranking aggregation.

For the human evaluation task, we asked crowd-
workers to compare and score the quality of cor-

2Other hyperparameters used include logprobs=0,
num_outputs=1, top_p=1.0, and best_of=1

3We use the development set (from the W&I + LOCNESS
dataset (Bryant et al., 2019)) because human-written refer-
ences are not publicly available for the test set.

#-shot 1 2 3 4 5 6

GPT-3.5 0.587 0.590 0.585 0.584 0.586 0.584

GPT-4 0.599 0.600 0.594 0.593 0.593 0.588

Table 2: Few-shot performance of Prompt #10 with a
variable number of example sentence-correction pairs.
All scores are GLEU scores on the JFLEG dev set.

rections, with a focus on maintaining the origi-
nal meaning and ensuring the output is fluent and
natural-sounding. Participants rated the following
five versions of each sentence: the source sentence
(with no corrections), a human-written reference
correction (included in the original datasets), the
corrections generated by GPT-3.5 and GPT-4 using
our best-performing prompt (as seen in Table 3),
and an output from baseline GEC models for each
benchmark (Yasunaga et al. (2021) for BEA-2019
and Liu et al. (2021) for JFLEG). These systems
were chosen due to the availability of their outputs,
allowing for direct side-by-side comparisons.

For each comparison, we assign three crowd-
workers to score the quality of corrections on a
scale of 0 (very poor correction) to 10 (excellent
correction). Additional details about the human
evaluation task can be found in the appendix.

5 Results

5.1 Prompt Engineering
Scores for different zero-shot prompts can be seen
in Table 1. Consistent with expectations, we find
that the content of the prompt is very significant for
performance. Our best zero-shot prompt has more
than double the score of the worst on automated
metrics. It is also clear that the temperature hyper-
parameter has an effect on performance in this task,
with lower temperatures consistently performing
better than higher temperatures.

Moving on to few-shot prompts, we experi-
mented by adding examples to Prompt #10. Results
from this experiment can be seen in Table 2. We
find that for GPT-3.5, performance modestly im-
proves over the zero-shot prompt in all cases, but
peaks at two examples. For GPT-4, the few-shot
examples seem to have a negligible or slight nega-
tive effect, with two examples once again scoring
the highest among few-shot prompts.

Against expectations, there were many zero-
shot prompts in which GPT-3.5 outperformed GPT-
4. This was observed in all prompts except for
Prompts #2 and #10, in which GPT-4 performed



Reply with a corrected version of the input sentence with all grammatical and spelling errors fixed. If
there are no errors, reply with a copy of the original sentence.

Input sentence: I think smoke should to be ban in all restarants.
Corrected sentence: I think smoking should be banned at all restaurants.

Input sentence: We discussed about the issu.
Corrected sentence: We discussed the issue.

Input sentence: {x}
Corrected sentence:

Table 3: The final prompt chosen following our prompt engineering experiments. All GPT-3.5 and GPT-4 scores
and examples in Sections 5 and 6 use outputs made with this prompt.

better. However, several of the same trends can
be seen for both models, such as the tendency for
lower temperature to improve performance. Ulti-
mately, both models showed the strongest perfor-
mance on the same prompt, and had the same best
number of examples in few-shot experimentation.

Observing the outputs during zero-shot prompt
development, we identified several interesting phe-
nomena and issues, which we will describe here.

“Meta” information: Sometimes, the models
include a note that no edits were made (1), declare
that a sentence is correct (2), or respond in a chat-
like manner (3). Examples can be found below:

(1) Input:
People also do not do nothing.

Output (Prompt #5):
People also do not do nothing. (no change)

(2) Input:
They try new things.

Output (Prompt #9):
There are no errors in this sentence.

(3) Input:
But ideas of how you can solve this problem will actu-
ally give you a solution to the problem.

Output (Prompt #3):
By revising the sentence, it can be improved to: Gener-
ating ideas for how to solve this problem will help you
find a solution.

Outputs with extra punctuation: Another inter-
esting phenomenon occurs when a source sentence
does not end with proper punctuation. The models
may start by adding the appropriate punctuation
mark, then continue by correcting the sentence,
resulting in an extra punctuation mark at the begin-
ning of the output. An example is seen below:

(4) Input:
The second one is to specialize in one specific subject,
one has his own tast in studing, so let us talk about this
subject

Output (Prompt #2):
. The second one is to specialize in one specific subject;
one has their own taste in studying, so let us talk about
this subject.

Outputs with spurious expansions: A more se-
vere version of the aforementioned issue, in which
the model continues generating text based on the
context of the source sentence. This can result in
spurious expansions of the original writing, such
as repetitions at the beginning of the sequence or
extra lines. An example is seen below:
(5) Input:

For example, if the city says that 8am 9 am is the most
busiest time, than worker would argues that they drive a
bit later

Output (Prompt #7):
when the traffic is more light.
For example, if the city says that 8am-9am is the busiest
time, then workers would argue that they should drive a
bit later when the traffic is lighter.

In this case, the added text and newline at the be-
ginning are problematic, resulting in an issue in the
GLEU evaluation script by breaking the symmetry
of lines in the input files. It is also not desirable to
show this as-is to a user of a GEC system, since the
output is noticeably strange.

For our final prompt, we choose Prompt #10
with two examples, which can be seen in Table 3,
Despite GPT-4’s slightly higher performance with
a zero-shot prompt, we use this 2-shot prompt with
both models in our experiments in order to observe
the differences between the models given the exact
same input sequence. This “best” prompt produced
few or none of the above unexpected outputs with
either GPT-3.5 or GPT-4. There were no repetitions
or new lines. This emphasizes the importance of
prompt design when applying GPT models.

5.2 Benchmark Scoring
GEC benchmark scores, calculated on the BEA-
2019 and JFLEG test sets, are shown in Table 4.



BEA-2019 (Test) JFLEG (Test)
F0.5 GLEU

Source (Uncorrected) 0 40.54
Human Reference - 62.37

GECToR+BIFI (Yasunaga et al., 2021) 72.9 -
ELECTRA-VERNet (Liu et al., 2021) 67.28 61.61

“GPT-3” (Yasunaga et al., 2021) 47.6 -
GPT-3 (text-davinci-001) (Schick et al., 2022) - 60.0
GPT-3.5 (text-davinci-003) 49.66 63.40
GPT-4 (gpt-4-0314) 52.79 65.02

Table 4: GEC Benchmark scores for GPT-3.5 and GPT-4 using our final prompt, alongside those of baseline GEC
systems and previously reported scores for GPT-3. The best scores are in bold.

To score GPT-3.5 and GPT-4’s outputs against the
references and baseline systems, we use the stan-
dard scores for each dataset, F0.5 for BEA-2019
and GLEU for JFLEG. When interpreting results,
note that in the BEA-2019 benchmark, the F0.5

score is essentially 0 for the source. The human
reference score is unknown, as the reference edits
are part of the withheld test set. To obtain the score
for the “Human Reference” corrections in the JF-
LEG dataset, which has multiple references, we
randomly selected one human reference file and
compared with it the other three references.

The results show that the GPT models perform
well on the JFLEG test set, with GPT-4 obtaining a
score that is the highest yet reported to the best of
our knowledge. In contrast, the scores on the BEA-
2019 test set are well below those of the baseline
systems. We discuss this disparity in Section 6.

5.3 Human Evaluation and Subset Analysis

For the subset of 100 sentences each from the
BEA-2019 development set and the JFLEG test
set, we gather human ratings as described in Sec-
tion 4.2 and place them alongside the respective
datasets’ automated metrics. Additionally, we ap-
ply a “reference-less” automatic metric, Scribendi
Score (Islam and Magnani, 2021), which assesses
grammaticality, fluency, and syntactic similarity
using token sort ratio, levenshtein distance ratio,
and perplexity as calculated by GPT-2. We use an
unofficial implementation,4 as the authors seem not
to have made their code available.

The scores from our experiments are shown in
Table 5. Note that the BEA-2019 benchmark’s F0.5

score for human reference is not 100 despite the
same single reference because the edits are auto-

4https://github.com/gotutiyan/
scribendi_score

matically extracted in the evaluation script (Bryant
et al., 2019). Scores from Scribendi are returned
on a per-sentence basis, so we report the mean for
each output file. A score of 0 indicates no edits.

The results suggest that GPT-3.5 and GPT-4
achieve high performance on the task of GEC ac-
cording to human evaluations and the automatic
metrics, with a majority of the best scores being
obtained by either GPT-3.5 or GPT-4.

6 Discussion

6.1 Scoring Disparities

The results in Tables 4 and 5 show that GPT-3.5 and
GPT-4 achieve strong performance on the sentence
revision task as measured by GLEU score on the JF-
LEG dataset, human ratings, and Scribendi scores,
outperforming the baseline systems on these met-
rics. However, their F0.5 scores on the BEA-2019
datasets are comparatively lower.

We believe that this is a result of differences in
the priorities expressed in the human reference ed-
its present in the two datasets. In the BEA-2019
dataset, there is a single reference for each sen-
tence, generally with what could be described as
minimal edits. Meanwhile, our primary task set-
ting is one of sentence revision, and our prompt
engineering experiments were performed using JF-
LEG, a benchmark for fluency. This seems to have
contributed to a propensity for the GPT models to
output fluency corrections which display extensive
editing. These are scored well on JFLEG’s GLEU
metric, but penalized on BEA-2019’s F0.5 metric.

This is supported by the fact that the models
were given similar scores in both datasets by hu-
man raters and the Scribendi metric, which is not
connected to references from either dataset and is
thus not affected by any differences between the
reference edits found in BEA-2019 and JFLEG.

https://github.com/gotutiyan/scribendi_score
https://github.com/gotutiyan/scribendi_score


BEA-2019 (Dev Subset) JFLEG (Test Subset)
F0.5 Human Scribendi GLEU Human Scribendi

Scale: (0-100) (0-1) (0-1) (0-100) (0-1) (0-1)

Source 0 0.449 0 36.51 0.465 0
Reference 83.97 0.706 0.83 54.63 0.712 0.74
Baseline 39.14 0.568 0.67 57.70 0.662 0.71
GPT-3.5 37.87 0.769 0.71 63.02 0.819 0.78
GPT-4 37.99 0.788 0.75 63.78 0.809 0.75

Table 5: Comparison of automated metrics and human evaluation scores for different versions of sentences in our
human evaluation subset of 100 sentences from each dataset, as described in section 4.2. The best scores are in
bold. In human evaluations, the difference between GPT-3.5 and GPT-4 is not statistically significant for either the
BEA-2019 or JFLEG benchmarks (p >0.19, p >0.4).

6.2 Qualitative Analysis

The scores discussed above describe the perfor-
mance of the different systems in aggregate. How-
ever, there are a number of cases in which the GPT
models’ outputs are given scores which differ from
those assigned by the automated metrics. Addi-
tionally, there are cases in the human evaluation
experiments in which the GPT models significantly
over-perform or under-perform the human refer-
ence edits or the baseline systems. We consider a
performance discrepancy notable if the candidate
sentences show a difference of more than 2 points
in the mean of human ratings assigned to them.

To investigate such cases and better understand
the behavior of the GPT models as grammatical
correction systems, we examine the models’ out-
puts in parallel with the source and reference sen-
tences and those of the baseline error correction
systems. Below, we present output sentences along
with their respective scores from human raters.

GPT Models Outscoring Human References
We found 24 cases in JFLEG Test and 14 cases
in BEA-2019 Dev in which the GPT models both
outscored the human reference edits. We find that
these cases usually occur when a human editor
leaves a grammatical error or non-fluent construc-
tion unchanged, but the GPT models revise it. An
example can be seen below:

(6) Source Sentence: (3)
This reminds me of a trip that I have recently been to
and the place is Agra.

Human Reference: (3.66)
This reminds me of a trip that I have recently been on
and the place I visited was Agra.

Baseline System: (3)
This reminds me of a trip that I have recently been to
and the place is Agra.

GPT-3.5: (9.66)
This reminds me of a trip I recently took to Agra.

GPT-4: (10)
This reminds me of a recent trip I took to Agra.

In this case, the edits made by GPT models are
the most natural and correct sentences, and are
given the highest scores by the raters. However,
this is not to say that the human reference edit was
mistaken or inferior, especially if we consider that
this example is taken from the BEA dataset, in
which minimal edits are common. Nevertheless,
there are also a number of such cases in our subset
from JFLEG, where the goal of the task is fluency
editing. This demonstrates that humans tasked with
performing or evaluating corrections do not always
agree on the ideal extent of revision.

Over-editing There are some cases in which the
GPT models add or change words in a way that
results in changes in the meaning of the sentence.
An example can be seen below:

(7) Source Sentence: (4)
I consider that is more convenient to drive a car because
you carry on more things in your own car than travelling
by car.

Human Reference: (4)
I consider it more convenient to drive a car, because you
carry more things in your own car than when travelling
by car.

Baseline System: (6.67)
I consider that it is more convenient to drive a car be-
cause you carry on more things in your own car than
travelling by car.

GPT-3.5: (7.67)
I consider it more convenient to drive a car because
you can carry more things in your own car than when
travelling by public transport.

GPT-4: (9)
I consider it more convenient to drive a car because
you can carry more things in your own car than when
traveling by public transportation.

Here, it seems likely that public transportation is
what the writer is comparing cars to, but the term
does not appear in the source sentence.



While such cases in our data generally result in
sequences that seem likely, it may be desirable to
control for this behavior depending on the GEC
task setting.

There are also cases where a fragmentary sen-
tence is expanded by the GPT models. For these as
well, suggesting completions is not necessarily in
the scope of GEC. An example can be seen below:

(8) Source Sentence: (1.33)
If the film doesn’t arrive on time, it immediately.

Human Reference: (1.33)
If the film doesn’t arrive on time, it immediately.

Baseline System: (1.66)
If the film doesn’t arrive on time, it will immediately.

GPT-3.5: (9.66)
If the film doesn’t arrive on time, it will be cancelled
immediately.

GPT-4: (4)
If the film doesn’t arrive on time, it will be shown im-
mediately.

In this case, it seems as if the GPT models, given
only this fragment as context, attempt to fix it by
adding some plausible verb, with GPT-3.5’s com-
pletion being judged more reasonable. However,
depending on the task setting, it may be desirable
to take some action other than suggesting a correc-
tion in these cases. For example, a system may
simply highlight the sentence as ungrammatical, or
perhaps a feedback comment about missing verbs
or fragments could be generated instead. These
actions exceed the scope of our experiments, but
could certainly be achieved with a more complex
writing assistance program. Whether any such al-
ternative behaviors could reliably be achieved by
prompting the GPT models is left to future work.

GPT Models Underperforming In the majority
of cases in the subset, the GPT models had com-
parable or superior performance to the baseline
systems. However, there were some cases (4 in
BEA-2019 and 7 in JFLEG) where the baseline
systems outperformed the GPT models.

The human references were more likely to out-
perform the GPT models, with 13 cases in BEA-
2019 and 10 in JFLEG. We examine a case of GPT
underperformance below:

(9) Source Sentence: (3.33)
By the time up everyone should be gathered up in a cer-
tain place.

Human Reference: (9.33)
When the time is up, everyone should be gathered in a
certain place.

Baseline System: (6.66)
By the time everyone gets up, everyone should be gath-
ered up in a certain place.

GPT-3.5: (6.66)
By the time, everyone should be gathered in a certain
place.

GPT-4: (3.33)
By the time up, everyone should be gathered in a certain
place.

In this case, only the human editor successfully
infers the intended phrase, as judged by the raters.
The baseline edit presents an alternative, grammati-
cally correct possibility. Meanwhile, the GPT mod-
els leave an ungrammatical span of the original
sentence unchanged.

This “under-editing” behavior is interesting
given that we also observe that the GPT models
make frequent and extensive edits. Given the size
of our subset, is difficult to generalize about the
circumstances in which the models under-edit or
over-edit, or if there are ways to control either be-
havior. We leave such investigation to future work.

7 Conclusion

We find that the GPT-3.5 and GPT-4 models demon-
strate strong performance in grammatical error cor-
rection as defined in a sentence revision task. Dur-
ing prompt and hyperparameter search, we observe
that a low temperature hyperparameter is consis-
tently associated with better performance in this
task. While the models are subject to some prompt
sensitivity, our best prompt consistently results in
the desired format and behavior. Our GEC task
setting and prompt search resulted in a tendency
for the models to produce fluency corrections and
occasional over-editing, resulting in high scores on
fluency metrics and human evaluation, but com-
paratively lower scores on the BEA-2019 dataset,
which favors minimal edits.

Our experiments emphasize that GEC is a chal-
lenging subfield of NLP with a number of distinct
subtasks and variables. Even humans can have
conflicting definitions of desirable corrections to
ill-formed text, and this may change depending on
contexts such as the task setting (e.g. language ed-
ucation, revising an academic paper) and the roles
of the editor and recipient (e.g., student and instruc-
tor). It is important to define these variables as
clearly as possible in all discussions of GEC.



8 Limitations

The scores presented in this paper are based on
proprietary models accessed via API. They may be
updated internally or deprecated in the future.

As this is a preliminary exploration of the be-
havior of GPT-3.5 and GPT-4 in this task, we limit
our experiments to the ten listed prompts, mak-
ing no claims of an exhaustive search. We do not
try such techniques as chain-of-thought prompting.
We leave such experiments to future research.

For time and budget reasons, the metric scores
reported are for a single output file for each dataset
and model combination. Our human annotation
experiment was similarly limited by budget, and
qualitative analysis was only performed on two
hundred sets of candidate sentences.

Due to our sentence revision setting, our experi-
ments focused more on fluency edits than minimal
edits, and our human raters tended to prefer the
extensive rewrites and that the GPT models often
output. However, more constrained corrections
may be desirable in different GEC task settings,
such as in language education, where a learner may
more clearly understand the information presented
by a minimal edit. A similar study can be done to
investigate how well GPT models can adhere to a
minimal editing task. We leave this to future work.
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A Human Evaluation Experiment Details

The experiment was carried out using Amazon Me-
chanical Turk. Participants received compensation
at a rate of $1.7 per HIT, which roughly translated
to an hourly wage of $17. The variation in inter-
annotator agreement for scoring five options, as
denoted by Cohen’s kappa, ranged between 0.41
(for JFLEG) and 0.32 (for BEA-2019).


