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Abstract

Natural Language Processing (NLP) research
is becoming increasingly focused on the use of
Large Language Models (LLMs), with some
of the most popular ones being either fully or
partially closed-source. The lack of access
to model details, especially regarding training
data, has repeatedly raised concerns about data
contamination among researchers. Several at-
tempts have been made to address this issue, but
they are limited to anecdotal evidence and trial
and error. Additionally, they overlook the prob-
lem of indirect data leaking, where models are
iteratively improved by using data coming from
users. In this work, we conduct the first sys-
tematic review of work using OpenAlI’s Chat-
GPT and GPT-4, the most prominently used
LLMs today, in the context of data contamina-
tion. By analysing 255 papers and consider-
ing OpenAl’s data usage policy, we extensively
document how much data has been leaked to
ChatGPT in the first year after the model’s re-
lease. At the same time, we document a num-
ber of evaluation malpractices emerging in the
reviewed papers, including unfair or missing
baseline comparisons, reproducibility issues,
and authors’ lack of awareness of the data us-
age policy. Our work provides the first quantifi-
cation of the ChatGPT data leakage problem.

1 Introduction

The recent emergence of large language models
(LLMs) that show remarkable performance on a
wide range of tasks has led not only to a dramatic
increase in their use in research but also to a grow-
ing number of companies joining the race for the
biggest and most powerful models. In pursuing a
competitive advantage, many of the most popular
LLMs today are locked behind API access and their
details are unknown (OpenAl, 2023a; Thoppilan
et al., 2022; Touvron et al., 2023). This includes
model weights (OpenAl, 2023a), training data (Pik-
tus et al., 2023), or infrastructural details to assess
model carbon footprint (Lacoste et al., 2019).

In particular, the lack of information about the
training data being used raises important questions
about the credibility of LLM performance evalua-
tion. The training data, typically collected automat-
ically by scraping documents from the web, may
contain training, validation, and — most critically —
test sets of standard NLP benchmarks, leading to
unintended evaluation of the LLM’s performance
on data it was trained on. This phenomenon, known
as data contamination, may not be an issue in the
general use of commercial LLMs, where adher-
ence to research principles is not mandatory, but
it becomes a serious problem when these tools are
widely used and evaluated in research.

Unfortunately, closed-source models are typi-
cally locked behind inference-only APIs, which
makes detecting data contamination very complex.
Because of this, existing work on the matter is lim-
ited to detecting extreme forms of overfitting and
memorization, where the LLM is mostly probed
to reproduce known examples from benchmarks
verbatim. These approaches also overlook that re-
cent LLMs get iteratively improved with user in-
teraction data. When users test these models on
benchmarks, they may, in fact, be exposing them
to the data even if it was not part of the original
training data, a phenomenon that we refer to as
indirect data leaking.

In this paper, we address the issue of data con-
tamination in closed-source LL.Ms by conducting
a systematic literature review. We review 255 pa-
pers and carefully detail data leakage emerging
from them. We focus primarily on OpenAI’s Chat-
GPT,! and secondarily on GPT-4? as these are the
most frequently used commercial LLMs in NLP
research. By considering OpenAl’s data usage
policy, we assess how much data was reported to
be leaked to them in such a way that it could be

'https://openai.com/blog/chatgpt
Zhttps://openai.com/gpt-4
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used for further training, hence giving the models
an unfair advantage over open-source LLMs that
are usually trained following scientific rigor. We
also report a series of emergent evaluation mal-
practices, including lack of comparison with other
models/approaches, differences in the evaluation
scale (e.g. closed-source LLMs being evaluated on
samples while compared open models are evaluated
over an entire benchmark), lack of code and data
access, or data leakage even in situations where it
could be avoided. To our knowledge, ours is the
most comprehensive and extensive quantification
of the data leakage issue in LLMs.
In short, our contributions are as follows:

(1) We perform a systematic review of the work
evaluating OpenAlI’s ChatGPT and GPT-4 on
a variety of tasks in NLP and other domains
(Section 4).

(2) For each work, we estimate the amount of
data leaked to these models in such a way that
it could be used for further model training
(Section 5.1).

(3) We reveal some critical malpractices in closed-
source LLM research, affecting both evalua-
tion reproducibility and fairness (Sections 5.2
and 5.3).

(4) Based on our findings, we propose a list of
best practices for the evaluation of closed-
source LLLMs (Section 6).

Furthermore, we believe that the results of our
work can help the ongoing efforts in empirical in-
spection of LLM data contamination by pointing
out which datasets are worth investigating. We re-
lease our survey results as a spreadsheet with an
assessment of the extent of data leakage for each
dataset to stimulate further research.’

2 Prior Work on LLM Data
Contamination

Work on LLMs data contamination traces back
to OpenAl’s GPT-3 (Brown et al., 2020; Raffel
et al., 2020; Magar and Schwartz, 2022), one of
the first LLMs with general API access for which
only partial training information was released. De-
spite results hinting at the presence of significant
data contamination (Raffel et al., 2020; Magar and

3https://anonymous.4open.science/r/eacl-data_
contamination-BEF1/

Schwartz, 2022), the model has been used exten-
sively in research and the issue was rarely taken
into account when interpreting its performance.
With the release of ChatGPT and following closed-
source models to general public,* the data contami-
nation topic became an even more pressing issue.

Because of the implicit complexity of analyz-
ing closed-source LLMs, few practical approaches
have been proposed to estimate the leak of known
benchmarks into them. One notable example is the
LLM Contamination Index,> which features a reg-
ularly updated list of models along with the extent
of their eventual contamination/memorization on
popular NLP benchmarks. This approach works
by zero-shot prompting the model to generate in-
stances from specific datasets, providing details on
the required split and format (Sainz et al.). The
premise is that no model should be able to replicate
specific benchmark formats without having seen
them first.

Recent work (Aiyappa et al., 2023a) also dis-
cussed the issue by comparing different ChatGPT
versions on known benchmarks, noting that per-
formance on the task improved shortly after the
model was exposed to the datasets by previous
work (Zhang et al., 2022). More applied ap-
proaches have been proposed recently (Golchin
and Surdeanu, 2023), where the model is prompted
to complete a given sentence coming from a known
benchmark. The completion is then compared with
the original reference through text overlap metrics
and a statistical test is used to assess if the model
is contaminated.

Although these preliminary works exploring the
task of data contamination detection are promis-
ing, they cannot be fully trusted and have some
limitations. Most importantly, they are based on
an assessment of the model’s ability to generate an
example from the benchmark. The recall of such
methods can be affected by two issues:

(1) Some closed-source models have incorpo-
rated special filters into their decoding algo-
rithms that prevent them from generating texts
that significantly overlap with their training
sets (GitHub, 2022; Ippolito et al., 2023). This
creates an additional noise for the detection
methods and results in the lack of confidence

*Including GPT-4 (OpenAl, 2023a), Google’s LaMDA
(Thoppilan et al., 2022) and PaLM (Chowdhery et al., 2022),
Cohere’s Command and Anthropic’s Claude.

Shttps://hitz-zentroa.github.io/lm-contamination/
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that even the datasets tested negative for data
leakage are not present in LLM training data.

(2) Such approaches can only detect the most ex-
treme form of overfitting which results in (al-
most) complete memorization of data samples
by the model. However, even a regular adjust-
ment of the model by training on the leaked
data, which does not necessarily lead to its
memorization, poses a problem for fair com-
parisons.

3 The Issue of Indirect Data Leaking

The related work presented in Section 2 approaches
the issue of data contamination mainly by back-
tracking models’ training data. It is commonly
assumed that the use of benchmarks available only
to authorised parties, or datasets being constructed
after the ChatGPT release, is a guarantee that they
have not been leaked. This ignores the fact that
models using reinforcement learning from human
feedback (RLHF) (Ouyang et al., 2022), such as
ChatGPT, are subject to repeated updates (Aiyappa
et al., 2023a) with training data partially coming
from user interactions. The collection of user data
and online model updates lead to a previously over-
looked phenomenon of indirect data leaking. This
is a new development of the issue for two main
reasons:

(1) Unlike plain text scraped from the internet,
data from users might be harder to inspect
for contamination as it might involve model
prompts, textual alterations, or truncation of
benchmark samples.

(2) Users supply the data along with instructions
on how to perform the task. In LLMs, this can
be considered a novel form of gold-standard
data for continued training, even in the ab-
sence of target labels. Model updates on such
data are likely much more effective than plain
in-domain text.

For (1), even with a conscious and targeted ef-
fort of the LLLM vendors to avoid fine-tuning the
model on test data and benchmarks, this issue is
particularly complex to trace. When evaluating
a closed-source LLM, users often feed the model
with test-set samples (with or without labels) sur-
rounded by additional text, such as instructions in
the form of prompts. In some cases, especially
when evaluating the LLM robustness, the test-set

samples are perturbed and hence no longer an exact
match of their original version. Therefore, it is un-
likely that LLM vendors could effectively exclude
leaked benchmarks from further model fine-tuning,
especially at scale.

For (2), it would be necessary to understand how
the LLM vendor uses the data to improve the model.
A very likely scenario is continued pre-training,
where the data leaked by users is treated as an
in-domain corpus (and thus given more influence
than pretraining data). This procedure is known
to improve models’ performances in the leaked
domains (Gururangan et al., 2020). Notably, Shi
and Lipani (2023) find that fine-tuning a model
on in-domain text enriched by textual instructions
leads to an increase in the model performance even
if gold labels are not shown to the model. Such a
setup perfectly matches the kind of data shown to
chat LLMs when evaluated by researchers. This
means that closed-source LLMs such as ChatGPT
can make use of these gold standard examples from
widely used NLP benchmarks to gain an unfair
advantage over other models.

With this motivation, we conduct a systematic
review to quantify how much of such data ChatGPT
could have obtained.

4 Methodology

Following the standard protocol for a systematic
work review from the medical domain (Khan et al.,
2003) we organize our work into five macro-steps,
corresponding to the following subsections.

4.1 Framing questions

In reviewing the existing work on evaluation of
ChatGPT and GPT-4, we pose the following re-
search questions:

(1) Which datasets have been demonstrably
leaked to ChatGPT and GPT-4 during the last
year?

(2) Do all works evaluating these models include
a fair comparison with existing baselines?

4.2 Identifying relevant work

We employ commonly used online databases® and
major NLP conferences proceedings (including
ACL, NAACL, EMNLP, NeurIPS), considering

We query Google Scholar, Semantic Scholar, DBLP,
arXiV, ACL Anthology.
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both peer-reviewed work and pre-prints, as the in-
teraction with LL.Ms happened regardless of pub-
lication status. We filter our queries on work con-
taining the terms “ChatGPT”, “evaluation”, “large
language models” and “AI” either in title, abstract,
body, or all of them.

We also do not limit our search to computer
science works only, as ChatGPT has been investi-
gated by researchers from many other domains, e.g.
healthcare (Kung et al., 2023a), psychology (Cai
et al., 2023) and education (Szefer and Deshpande,
2023). Since ChatGPT is our primary focus, we
limit our search to works between late November
2022 (when the model was publicly released) and
early October 2023. Among all the papers, we
first do a preliminary screening, assessing if they
effectively run ChatGPT or GPT-4 in any form.’

4.3 Assessing quality and relevance

To assess which work effectively leaked data to
ChatGPT or GPT-4, we refer to OpenAl’s data
usage policy,® stating that no text sent through or
produced from API calls is used for model improve-
ments from 1 March 2023 onwards (coinciding
with the first ChatGPT API release). Therefore,
only the work interacting with the models through
the web interface’ is considered to leak data.

A small number of works used both the web
interface and API access.'® We carefully review
such works to calculate which portion of the data
was used in the former setup. We drew our con-
clusions from the paper draft history on arXiv; in
some cases, this information was also transparently
disclosed by the authors. In the case of work with
multiple drafts dating prior to the model release in
November 2022, we consider the earliest draft that
includes ChatGPT or GPT-4 for the calculation.

4.4 Summarizing the evidence

We inspect each surveyed paper, looking for in-
formation on the used datasets, split, and number
of samples. If no mention of sampling or similar
information is made, we assume that the whole
dataset has been used. Similarly, if no information
on the used split is provided, we assume that the
authors treated the dataset as a whole. It could be

"We encountered a small number of papers also comparing

to other closed-source LLMs, such as Anthropic’s Claude.
8https://help.openai.com/en/articles/

5722486-how-your-data-is-used-to-improve-model-performance

*https://chat.openai.com/
19T heir experiments began prior to March 1st, 2023 and the
authors started using the API soon after it was released.

argued that feeding entire datasets to ChatGPT or
GPT-4 is unrealistic because of the usage restric-
tions imposed by OpenAl on the web interface,
and the amount of work necessary for manually in-
putting the data inside the chat. However, we note
that quickly after ChatGPT release, many unofficial
wrappers have been developed!! for circumventing
said issues, most of which are still in active use. We
also point out that many of the papers we surveyed
mentioned the use of such tools explicitly.

We also track secondary information relevant to
the evaluation — for each work, we inspect: (1) if it
has been peer-reviewed'?; (2) if the used prompts
are available; (3) if a repository to reproduce the
experiment is provided; (4) if the authors used a
whole dataset or a sample; (5) if ChatGPT or GPT-
4 were compared to other open models/approaches
and if the evaluation scale was the same; (6) if the
version of the model used is reported.

4.5 Interpreting the findings

We report the results of our review both quantita-
tively and qualitatively. Specifically, we report the
number of works surveyed leaking data to Chat-
GPT or GPT-4 in such a way that it can be used by
OpenAl to further improve the model (according
to their data policy). We also document a series
of evaluation practices emerging for the work re-
viewed that is problematic with respect to objec-
tiveness and reproducibility. Finally, drawing upon
our results, we present a series of best practices for
researchers evaluating OpenAlI’s and other closed-
source LLMs.

5 Results

Following our methodology, in the first step we
identified 255 research papers, 216 of which
were found relevant during the initial screening.
Among the relevant papers, 72 (~ 33%) were peer-
reviewed while the remainder (144) consisted of
pre-prints. We subsequently analysed the retrieved
papers to examine the problem of data contamina-
tion and the adopted evaluation practices.

5.1 Indirect data contamination

From our analysis, 90 papers (~ 42%) accessed
ChatGPT or GPT-4 through the web interface,
hence providing data that OpenAl could have used

"E.g. revChatGPT, PyChatGPT, and ChatGPT-to-API.

We do note that part of the work we reviewed is very
recent (with pre-prints published in the last 3 months) and
might currently be under review.
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to further improve its models. We note that while
it is possible to opt out of providing the data for
model improvement purposes, we found no evi-
dence suggesting any of the surveyed papers did so.

We first inspected the time distribution of the re-
viewed works (Figure 1) to gain insight into when
most data leaks happened. Unsurprisingly, the ma-
jority of the papers leaking data dates before the
official release of ChatGPT API, and it can be seen
that web interface access rapidly decreased follow-
ing March 2023. However, we must note that (1)
a considerable amount of work kept using the web
interface to access ChatGPT until September 2023
and (2) our analysis cannot inspect the preliminary
stages of prompt engineering, which are rarely re-
ported and might still be done through the web
interface because of its trial-and-error nature.

The presence of leaked data after the API release
may indicate that a part of the research community
is either unaware of OpenAl’s data policy, or does
not consider it a problem when conducting experi-
ments. Many works also report on using the web
interface for cost reasons, as it allows free Chat-

GPT access. This might be crucial, especially for
small case studies.

As a second step, we quantified leak severity
according to the datasets and splits used. For papers
specifying the amount of data used or providing
a repository with the information, we considered
the given value. For the rest, we calculated the
value by inspecting the actual datasets.'® In seven
papers, no number of samples used was specified,
so we contacted the authors for clarification. In
the two cases where the authors did not respond,
we assumed the entire split of a dataset was used.
We calculated both the number of instances and
the percentage of the considered split (or the whole
dataset when applicable).

Since only a small number of datasets (18) was
used in multiple papers, we always assume that the
largest leak for a given dataset is a superset of all
smaller ones.'*

¥We mainly use HuggingFace Datasets, but also refer to
Kaggle or other sources based on availability.

“We also tried a pessimistic approach, where we assumed
all the leaks were independent, but due to the small number
of works covering the same data, the results are virtually
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Table 1: The number of datasets with low (Lo),
moderate-low (M-Lo), moderate-high (M-Hi) and high
leaks (Hi) is reported for each task, omitting custom
datasets. A more detailed table, including specific
dataset names, is provided in the Appendix.

Our calculations show that the 90 papers leaked
data from 263 unique datasets, for a total of
over 4.7M samples.”> We find most samples
(~ 93.8%) coming from datasets treated as whole
(with no split), followed by test and development
(~ 5.6%),'® and training (~ 0.6%) sets. In line
with what we discussed in Section 3, ChatGPT
was presented with millions of samples with in-
structions that could be considered de-facto novel
gold-standard data in some cases.

We also report that several works included the ex-
amples’ labels when few-shot prompting ChatGPT
or when using ChatGPT or GPT-4 as a reference-
based evaluation metric. We consider this the worst
possible case of data leaking, as it gives the model
information about the desired output as well.

To classify leak severity, we examine the fre-
quency distribution of leak sizes (Figure 2). It
appears that most works either leak full splits
or very small samples, with only a few works
leaking intermediate amounts. With this informa-
tion, we classify a portion of leaked data as low
(< 5%), moderate-low (5 — 50%), moderate-high
(50 — 95%), or high (> 95%).

Consequently, we categorize all leaked datasets

identical.

'5The survey total is 4,714,753 leaked samples.

15As some work vaguely describes the used split as “test or
dev set”, we merge these two values.

into these 4 thresholds. Overall, we find a low
leak for 66 (~ 25%) datasets, moderate-low for
47 (~ 18%), moderate-high for 10 (~ 4%) and
high for 142 (~ 53%). This result is particularly
worrying as the majority of datasets were nearly
fully leaked.

Finally, we inspect which NLP tasks are cov-
ered by the leaked data (Table 1). We find that the
tasks suffering the most from high leaks are nat-
ural language inference, question answering, and
natural language generation. These and other tasks
(see Tables 4 and 5 in the Appendix) include a
lot of very popular NLP benchmarks, as well as
high-quality custom datasets created ad-hoc for in-
dividual evaluations. The custom datasets were
frequently phrased as an exam in a field different
from NLP, e.g. medicine, physics, psychology, or
law. Other custom datasets explored, for exam-
ple, the LLMs’ sense of humour, philosophical and
political leaning, or bias.

5.2 Reproducibility

We assessed the evaluations’ reproducibility by
checking whether the prompts used to query Chat-
GPT were provided, whether a repository contain-
ing data or code was available, and whether the
datasets used were custom-made. Finally, we also
checked for sampling of the original data or other
practices that make it impossible to exactly recon-
struct the data used. Results are shown in Table 2.

196 (91%) works report the prompts used to
convert data into a query and possibly to instruct
the model on how to perform a given task. The
number of works providing a code repository is
significantly smaller, at 115 (53%). This figure ex-
cludes papers that provided a link to a non-existent
or empty repository. Overall, 73 (51%) of the pre-
prints and 34 (47%) peer-reviewed papers provided
both prompts and a repository.

Another obstacle to reproducibility is that most
closed-source LLMs are being regularly updated.
Therefore, it is crucial for experiment reproducibil-
ity to report a specific LLM version. In the sur-
veyed works, this was generally done by reporting
the running period of the experiments when using
the web interface, or by reporting which version of
the model has been accessed via the API. Unfor-
tunately, as the concept of regular model updates
is relatively new, this practice is not yet common.
Only 29 (40%) of the peer-reviewed papers and 33
(23%) of the pre-prints provide this information.
We consider reporting the running period to be par-



Prompts Repo Sampl. Custom n. (%)
3 (2.11%) Prompts Repo Sampl. Custom n. (%)
v 1(0.70%) 1.(1.43%)
v 8 (5.63%) v Vo 1(143%)
v 3(2.11%) v 4 1 (1.43%)
v v 2 (1.41%) v 14 (20.00%)
v 20 (14.08%) v v 7(10.00%)
v v 3(2.11%) v v 9 (12.86%)
v v 27 (19.01%) v v Vo 3(429%)
v v v 3(2.11%) 4 v 8 (11.43%)
v v 37 (26.06%) v v Vo 4GI%)
v v v 4(2.82%) v v v 16 (22.86%)
v v v 27 (19.01%) v v v v 6 (6.57%)
v v v v 4 (2.82%)

(a) Pre-prints

(b) Peer-reviewed works

Table 2: Statistics related to the reproducibility of the work reviewed: the availability of used prompts (Prompts)
and code/data repository (Repo), the usage of custom datasets (Custom), the application of random sampling or any
other practice that does not allow the exact reconstruction of the data used (Sampl.).

Comp. Scale n. (%)
71 (50.00%)
v 54 (38.03%)
v vV o 17(11.97%)

(a) Pre-prints

Comp. Scale n. (%)
30 (42.86%)
v 34 (48.57%)
v v 6 (8.57%)

(b) Peer-reviewed works

Table 3: Fairness statistics for reviewed work. Statistics related to the practices of performance comparisons between
ChatGPT/GPT-4 and other open models: whether such comparisons are performed at all (Comp.) and whether they

are of the same scale (Scale).

ticularly important, as Chen et al. (2023b) show
that there may be vast differences between model
versions.

5.3 Evaluation (mal)practicies

We found that the evaluation of ChatGPT’s perfor-
mance is often conducted without comparing it to
any open-source LLM or non-LLM-based method
(see Table 3). This is similarly prevalent regardless
of the publication status, appearing in 71 (50%)
of pre-prints and 30 (43%) of published papers.
In addition, among the works that perform a com-
parison with open models, 23 (21%) compare the
results computed on different samples. ChatGPT
is typically evaluated on a random sample of the
benchmark while other models are compared on its
entirety. In many works, ChatGPT’s performance

is measured on only a handful (10-50) of examples,
which substantially lowers the expressive power of
the comparison. For instance, considering a sim-
plistic case with binary assessment of model output
(correct/incorrect) on 10 examples, the difference
should be more than 30% to be statistically signifi-
cant,'” which is rarely seen. Statistical analysis of
results is almost never performed.

Another practice of some concern is the way in
which the size of the evaluation data is reported,
especially when sampling is used. The papers of-
ten show the size of the whole evaluation dataset
upfront (e.g. in a table or in the dataset description
section), but they report the actual sample sizes

17 Assuming Fisher’s exact test, typical o = 5% and moder-
ate model performance around p = 0.5



used for evaluation only later and in a less obvi-
ous way (in footnotes, limitations sections, or ap-
pendices). This practice makes the experimental
results harder to interpret.

6 Best Practices in Closed-source LLM
Evaluation

Our survey revealed both a significant amount of
data leakage in ChatGPT and many worrying trends
in its evaluation. In light of this, we list a series of
best practices that we believe could help mitigate
the issues. We believe that researchers looking to
objectively evaluate LLLMs today should:

Choose the right model access The first step
when planning closed LLMs evaluation should be
reading their most up-to-date data policies, and ac-
cess models accordingly (e.g. API instead of web
interface for OpenAI’s LLMs). We also acknowl-
edge that in some cases this might not be viable
due to budget limits, or an overly steep learning
curve for the use of APIs by researchers outside of
computer science.'®

Interpret performance skeptically The lack of
system specifications, training data information,
and other details can make commercial LLMs look
like incredibly powerful tools with impressive zero-
shot performance. Aiyappa et al. (2023a) already
pointed out that this can often be explained by data
contamination. In our review, we documented over
4 million samples across over 200 NLP datasets
having been leaked to these models. The perfor-
mance of closed-source LLMs should always be
interpreted while keeping this in mind.

When possible, avoid using closed-source mod-
els We strongly encourage using the available
open-source LLMs. While there has been discus-
sion in the research community about commercial
models being consistently better than open-source
ones, we note that (1) this is often driven by hype,
while there is evidence of the opposite (Kocon et al.,
2023), (2) research done solely on closed LLMs
limits scientific progress, bringing benefits mainly
to the LLM vendors (3) LLM vendors can arbitrar-
ily make changes to the models, e.g., making previ-
ous versions unavailable, changing their behavior
in a way that may not be visible to the user (Chen
et al., 2023b) or changing the data treatment policy.

'8In such a case, at the time of writing this paper in mid-
October, OpenAl allows users to opt out of providing data for
model improvement by using a Google Form.

Adopt a fair and objective comparison Evaluat-
ing closed-source LLMs is tied to comparing them
with pre-existing approaches. Evaluating LLMs
on a limited number of samples while evaluating
others on dramatically larger sets is scientifically
dubious at best. When sampling is required (for
example for budgetary restrictions), it should be
applied to all the considered approaches. We also
discourage taking state-of-the-art values directly
from previous work and suggest to re-run all ap-
proaches on the considered data only.

Make the evaluation reproducible In light of
the known NLP evaluation reproducibility cri-
sis (Belz et al., 2023) we strongly encourage re-
searchers to report as many details about their setup.
Besides the commonly required information such
as random seeds, open model parameters, etc., we
note that when the evaluation involves closed mod-
els, additional details should be disclosed. Prompts,
as well as the process leading to them, should be de-
tailed since LLMs are very sensitive to even minor
changes in prompts (Lu et al., 2022). The model
version and experiment running period should be
mentioned as well so that further researchers can
use the same model checkpoint if possible. Data,
especially if sampled, should be released (ideally
in a repository) to avoid potential differences in
sampling.

7 Conclusion and Future Work

In this review, we present our findings based on a
survey of 255 papers evaluating the performance
of ChatGPT and GPT-4. We investigate the prob-
lem of indirect data contamination and report that
4.7M samples coming from 263 distinct datasets
have been leaked to these models. We also report
concerning research practices with respect to repro-
ducibility and fairness. Finally, informed by our
survey, we suggest best practices for the evaluation
of closed-source LLMs.

Future Work In our future work, we aim to run
experiments via the OpenAl API to see the impact
of leaked test data on the performance of ChatGPT
and GPT-4 on the leaked datasets and the tasks in
general.

Furthermore, we consider investigating indirect
data leakage in other closed-source models, namely
from Anthropic or Cohere, which appeared in a
small number of papers reviewed in this work.


https://docs.google.com/forms/d/e/1FAIpQLScrnC-_A7JFs4LbIuzevQ_78hVERlNqqCPCt3d8XqnKOfdRdQ/viewform

8 Limitations

‘We are aware the list of contaminated datasets we
compiled in our work is not fully conclusive for
one of several reasons:

(1) We review the information that has been pub-
licly revealed via articles. We postulate more
experiments could have revealed test set data
to closed-source models but were never pub-
lished.

(2) In this paper, we focus on the works that use
ChatGPT or GPT-4. However, prior to March
Ist, 2023, OpenAl’s policy stated that they
may also use data from the API to improve
their models. This would imply that data sent
to GPT-3 via the API could have been used
for training.

(3) The number of papers investigating the per-
formance of ChatGPT is vast, and despite
our best efforts, we could have missed some
works.

(4) Information on whether individual works are
pre-prints or published is given at the time of
writing (early October 2023). This is subject
to change, especially given the freshness of
many of the works reviewed.

(5) Many datasets released prior to 2021 could
have been fully leaked by being a part of the
models’ pre-training data.

As mentioned in Section 4, in some cases the
papers were not clear about some aspects of the
experiments. We contacted the authors of such
papers for clarification, however, two of them did
not respond. For these papers, our best-judgment
assumptions may be wrong.
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e ChatGPT: Jack of all trades, master of
none (Kocon et al., 2023)

e Zero-Shot Information Extraction via Chat-
ting with ChatGPT (Wei et al., 2023)

* Is ChatGPT Good at Search? Investigat-
ing Large Language Models as Re-Ranking
Agent (Sun et al., 2023b)

¢ Is ChatGPT a Good NLG Evaluator? A Pre-
liminary Study (Wang et al., 2023c)

* G-EVAL: NLG Evaluation using GPT-4 with
Better Human Alignment (Liu et al., 2023g)

* Large Language Models Are State-of-the-Art
Evaluators of Translation Quality (Kocmi and
Federmann, 2023)

* ChatGPT Outperforms Crowd-workers For
Text-annotation Tasks (Gilardi et al., 2023)

e SuperCLUE: A Comprehensive Chinese
Large Language Model Benchmark (Xu et al.,
2023b)

* C-eval: A multi-level multi-discipline chinese
evaluation suite for foundation models (Huang
et al., 2023e)

* ChatGPT beyond English: Towards a compre-
hensive evaluation of large language models
in multilingual learning (Lai et al., 2023)

» Zero-Shot Cross-Lingual Summarization via
Large Language Models (Wang et al., 2023d)

* A categorical archive of chatgpt fail-
ures (Borji, 2023)

¢ Benchmarks for automated commonsense rea-
soning: A survey (Davis, 2023)

¢ [s ChatGPT a Good Causal Reasoner? A Com-
prehensive Evaluation. (Gao et al., 2023a)

* Causal reasoning and large language models:
Opening a new frontier for causality (Kiciman
et al., 2023)

* Theory of mind may have spontaneously
emerged in large language models (Kosinski,
2023)

* Boosting Theory-of-Mind Performance
in Large Language Models via Prompt-
ing (Moghaddam and Honey, 2023)



* Does ChatGPT have Theory of Mind? (Holter-
man and Deemter, 2023)

Can ChatGPT Defend the Truth? Automatic
Dialectical Evaluation Elicits LLMs’ Deficien-
cies in Reasoning (Wang et al., 2023a)

Evaluating the logical reasoning ability of
chatgpt and gpt-4 (Liu et al., 2023c¢)

* We’re Afraid Language Models Aren’t Mod-
eling Ambiguity (Liu et al., 2023b)

Sparks of artificial general intelligence: Early
experiments with gpt-4 (Bubeck et al., 2023)

Chatgpt participates in a computer science
exam (Bordt and Luxburg, 2023)

Can llm already serve as a database interface?
a big bench for large-scale database grounded
text-to-sqls (Li et al., 2023c)

Mathematical capabilities of chatgpt (Frieder
etal., 2023)

Could an artificial-intelligence agent pass an
introductory physics course? (Kortemeyer,
2023)

Investigating the Use of an Artificial Intelli-
gence Chatbot with General Chemistry Exam
Questions (Clark, 2023)

How do physics students evaluate artificial in-
telligence responses on comprehension ques-
tions? A study on the perceived scien-
tific accuracy and linguistic quality of Chat-
GPT (Dahlkemper et al., 2023)

Chatgpt goes to law school (Choi et al., 2023)

ChatGPT has aced the test of understanding
in college economics: Now what? (Geerling
et al., 2023)

The Wall Street Neophyte: A Zero-Shot Anal-
ysis of ChatGPT Over MultiModal Stock
Movement Prediction Challenges (Xie et al.,
2023b)

How Does ChatGPT Perform on the United
States Medical Licensing Examination? The
Implications of Large Language Models for
Medical Education and Knowledge Assess-
ment (Gilson et al., 2023)
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* Performance of ChatGPT on USMLE: Poten-
tial for Al-assisted medical education using
large language models (Kung et al., 2023b)

 Evaluating the performance of chatgpt in oph-
thalmology: An analysis of its successes and
shortcomings (Antaki et al., 2023)

* Diagnostic  Accuracy of Differential-
Diagnosis Lists Generated by Generative
Pretrained Transformer 3 Chatbot for Clinical
Vignettes with Common Chief Complaints: A
Pilot Study (Hirosawa et al., 2023)

* Assessing the utility of ChatGPT throughout
the entire clinical workflow (Rao et al., 2023a)

* ChatGPT as a medical doctor? A diagnos-
tic accuracy study on common and rare dis-
eases (Mehnen et al., 2023)

* Can Al tell good stories? narrative transporta-
tion and persuasion with ChatGPT (Chu and
Liu, 2023)

* Benchmarking Foundation Models with
Language-Model-as-an-Examiner (Bai et al.,
2023b)

* Chatgpt: A meta-analysis after 2.5

months (Leiter et al., 2023)

* Causal-discovery performance of chatgpt in
the context of neuropathic pain diagnosis (Tu
et al., 2023a)

* Summary of ChatGPT-Related Research and
Perspective Towards the Future of Large Lan-
guage Models (Liu et al., 2023h)

» Harnessing the power of llms in practice: A
survey on chatgpt and beyond (Yang et al.,
2023a)

* Holistic evaluation of language models (Liang
et al., 2023a)

* A Survey on Evaluation of Large Language
Models (Chang et al., 2023)

* Can chatgpt understand too? a comparative
study on chatgpt and fine-tuned bert (Zhong
et al., 2023a)

* On the robustness of chatgpt: An adversar-
ial and out-of-distribution perspective (Wang
et al., 2023e)



* An Independent Evaluation of Chat-
GPT on Mathematical Word Problems
(MWP) (Shakarian et al., 2023)

* Can ChatGPT Replace Traditional KBQA
Models? An In-depth Analysis of the Ques-
tion Answering Performance of the GPT LLM
Family (Tan et al., 2023b)

e Instruction tuning with gpt-4 (Peng et al.,
2023b)

¢ How Robust is GPT-3.5 to Predecessors? A
Comprehensive Study on Language Under-
standing Tasks (Chen et al., 2023d)

* Consistency analysis of chatgpt (Jang and
Lukasiewicz, 2023)

* Does ChatGPT resemble humans in language
use? (Cai et al., 2023)

* A comprehensive capability analysis of gpt-3
and gpt-3.5 series models (Ye et al., 2023)

* A comprehensive evaluation of ChatGPT’s
zero-shot Text-to-SQL capability (Liu et al.,
2023a)

e Is ChatGPT a good sentiment analyzer? A
preliminary study (Wang et al., 2023j)

* A preliminary evaluation of chatgpt for zero-
shot dialogue understanding (Pan et al., 2023)

» Zero-shot Temporal Relation Extraction with
ChatGPT (Yuan et al., 2023a)

* Can chatgpt reproduce human-generated la-
bels? a study of social computing tasks (Zhu
etal., 2023)

* Chatgraph: Interpretable text classification by
converting chatgpt knowledge to graphs (Shi
etal., 2023)

* Uncovering the Potential of ChatGPT for Dis-
course Analysis in Dialogue: An Empirical
Study (Fan and Jiang, 2023)

* Evaluating ChatGPT’s Performance for Mul-
tilingual and Emoji-based Hate Speech Detec-
tion (Das et al., 2023)

* Sentiment Analysis in the Era of Large Lan-
guage Models: A Reality Check (Zhang et al.,
2023e)
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ChatGPT for Suicide Risk Assessment on
Social Media: Quantitative Evaluation of
Model Performance, Potentials and Limita-
tions (Ghanadian et al., 2023)

* Metacognitive Prompting Improves Under-
standing in Large Language Models (Wang
and Zhao, 2023)

* Exploring ai ethics of chatgpt: A diagnostic
analysis (Zhuo et al., 2023)

* Is chatgpt better than human annotators? po-
tential and limitations of chatgpt in explaining
implicit hate speech (Huang et al., 2023a)

* Investigating Chain-of-thought with ChatGPT
for Stance Detection on Social Media (Zhang
et al., 2023a)

* The Self-Perception and Political Biases of
ChatGPT (Rutinowski et al., 2023)

* Not All Languages Are Created Equal in
LLMs: Improving Multilingual Capability
by Cross-Lingual-Thought Prompting (Huang
et al., 2023b)

* BAD: BiAs Detection for Large Language
Models in the context of candidate screen-
ing (Koh et al., 2023)

* DECODINGTRUST: A Comprehensive As-
sessment of Trustworthiness in GPT Mod-
els (Wang et al., 2023b)

* On Large Language Models’ Selection Bias in
Multi-Choice Questions (Zheng et al., 2023a)

* Exploring the Limits of ChatGPT for Query
or Aspect-based Text Summarization (Yang
et al., 2023b)

* ChatGPT as a Factual Inconsistency Evaluator
for Text Summarization (Luo et al., 2023)

* Uncovering ChatGPT’s Capabilities in Rec-
ommender Systems (Dai et al., 2023b)

* HaluEval: A Large-Scale Hallucination Eval-
uation Benchmark for Large Language Mod-
els (Li et al., 2023d)

e RecurrentGPT: Interactive Generation of (Ar-
bitrarily) Long Text (Zhou et al., 2023)



* PokemonChat: Auditing ChatGPT for Poké-
mon Universe Knowledge (Cabello et al.,
2023)

* Hybrid Long Document Summarization us-
ing C2F-FAR and ChatGPT: A Practical
Study (Lu et al., 2023a)

* Generative Job Recommendations with Large
Language Model (Zheng et al., 2023d)

* Assessing the Ability of ChatGPT to Screen
Articles for Systematic Reviews (Syriani et al.,
2023)

e L-Eval: Instituting Standardized Evaluation
for Long Context Language Models (An et al.,
2023)

e LILM-Rec: Personalized Recommendation via
Prompting Large Language Models (Lyu et al.,
2023a)

* LongBench: A Bilingual, Multitask Bench-
mark for Long Context Understanding (Bai
et al., 2023a)

e Can Large Language Models Understand
Real-World Complex Instructions (He et al.,
2023b)

* Mind meets machine: Unravelling GPT-4’s
cognitive psychology (Dhingra et al., 2023)

* Capabilities of GPT-4 on Medical Challenge
Problems (Nori et al., 2023)

e GPT is becoming a Turing machine: Here are
some ways to program it (Jojic et al., 2023)

* ChatGPT is a Knowledgeable but Inexpe-
rienced Solver: An Investigation of Com-

monsense Problem in Large Language Mod-
els (Bian et al., 2023)

* Humans in Humans Out: On GPT Converging
Toward Common Sense in both Success and
Failure (Koralus and Wang-Mascianica, 2023)

* Generative Models as a Complex Systems
Science: How can we make sense of large
language model behavior? (Holtzman et al.,
2023)

* How well do Large Language Models perform
in Arithmetic tasks? (Yuan et al., 2023b)
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* Uncertainty in Natural Language Generation:
From Theory to Applications (Baan et al.,
2023)

* ChatGPT-Crawler: Find out if ChatGPT really
knows what it’s talking about (Rangapur and
Wang, 2023)

* How is ChatGPT’s behavior changing over
time? (Chen et al., 2023b)

* ChatABL: Abductive Learning via Natural
Language Interaction with ChatGPT (Zhong
et al., 2023b)

* Look Before You Leap: An Exploratory Study
of Uncertainty Measurement for Large Lan-
guage Models (Huang et al., 2023d)

* StructGPT: A General Framework for Large
Language Model to Reason over Structured
Data (Jiang et al., 2023)

* Chain-of-Symbol Prompting Elicits Planning
in Large Langauge Models (Hu et al., 2023a)

* Tree of Thoughts: Deliberate Problem Solv-
ing with Large Language Models (Yao et al.,
2023)

* ChatLog: Recording and Analyzing ChatGPT
Across Time (Tu et al., 2023b)

e Chain of Knowledge: A Framework for
Grounding Large Language Models with
Structured Knowledge Bases (Li et al., 2023f)

e ChatHaruhi: Reviving Anime Character in
Reality via Large Language Model. (Li et al.,
2023b)

* Adaptive Chameleon or Stubborn Sloth: Un-
raveling the Behavior of Large Language
Models in Knowledge Conflicts (Xie et al.,
2023a)

* GPT-3.5 vs GPT-4: Evaluating ChatGPT’s
Reasoning Performance in Zero-shot Learn-
ing (Espejel et al., 2023)

* LogiCoT: Logical ~ Chain-of-Thought
Instruction-Tuning Data Collection with
GPT-4 (Liu et al., 2023d)

* Enabling Large Language Models to Generate
Text with Citations (Gao et al., 2023d)



* Why Does ChatGPT Fall Short in Providing
Truthful Answers? (Zheng et al., 2023b)

* Are Large Language Models Really Good
Logical Reasoners? A Comprehensive Evalua-
tion From Deductive, Inductive and Abductive
Views (Xu et al., 2023a)

* Investigating the Factual Knowledge Bound-
ary of Large Language Models with Retrieval
Augmentation (Ren et al., 2023)

* SciBench: Evaluating College-Level Scien-
tific Problem-Solving Abilities of Large Lan-
guage Models (Wang et al., 2023h)

* Think-on-Graph: Deep and Responsible Rea-
soning of Large Language Model with Knowl-
edge Graph (Sun et al., 2023a)

* Skills-in-Context Prompting:  Unlocking
Compositionality in Large Language Mod-
els (Chen et al., 2023a)

* Large Language Models Sensitivity to The
Order of Options in Multiple-Choice Ques-
tions (Pezeshkpour and Hruschka, 2023)

* Large Language Models on the Chessboard:
A Study on ChatGPT’s Formal Language
Comprehension and Complex Reasoning
Skills (Kuo et al., 2023)

e Evaluating Large Language Models on
Graphs: Performance Insights and Compara-
tive Analysis (Liu and Wu, 2023)

* Exploring New Frontiers in Agricultural NLP:
Investigating the Potential of Large Language
Models for Food Applications (Rezayi et al.,
2023)

* MINT: Evaluating LLMs in Multi-turn In-
teraction with Tools and Language Feed-
back (Wang et al., 2023i)

* ChatGPT for Robotics: Design Principles and
Model Abilities (Vemprala et al., 2023)

* Error Analysis Prompting Enables Human-
Like Translation Evaluation in Large Lan-
guage Models: A Case Study on ChatGPT (Lu
etal., 2023c¢)

» Towards Making the Most of ChatGPT for
Machine Translation (Peng et al., 2023c)
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Linguistically Informed ChatGPT Prompts to
Enhance Japanese-Chinese Machine Trans-
lation: A Case Study on Attributive
Clauses (Gu, 2023)

How to Design Translation Prompts for Chat-
GPT: An Empirical Study (Gao et al., 2023e)

Is Your Code Generated by ChatGPT Really
Correct? Rigorous Evaluation of Large Lan-
guage Models for Code Generation (Liu et al.,
2023e)

Evaluating ChatGPT’s Information Extrac-
tion Capabilities: An Assessment of Perfor-
mance, Explainability, Calibration, and Faith-
fulness (Li et al., 2023a)

Can ChatGPT Assess Human Personalities?

A General Evaluation Framework (Rao et al.,
2023b)

Is ChatGPT Equipped with Emotional Dia-
logue Capabilities? (Zhao et al., 2023a)

AugGPT: Leveraging ChatGPT for Text Data
Augmentation (Dai et al., 2023a)

Evaluating GPT-4 and ChatGPT on Japanese
Medical Licensing Examinations (Kasai et al.,
2023)

To ChatGPT, or not to ChatGPT: That is the
question! (Pegoraro et al., 2023)

In ChatGPT We Trust? Measuring and Char-
acterizing the Reliability of ChatGPT (Shen
et al., 2023)

Analyzing ChatGPT’s Aptitude in an Intro-
ductory Computer Engineering Course (Desh-
pande and Szefer, 2023)

Linguistic ambiguity analysis in Chat-

GPT (Ortega-Martin et al., 2023)

Using ChatGPT for Entity Matching (Peeters
and Bizer, 2023)

MEGA: Multilingual Evaluation of Genera-
tive AIl (Ahuja et al., 2023)

Evaluation of ChatGPT on Biomedical Tasks:
A Zero-Shot Comparison with Fine-Tuned
Generative Transformers (Jahan et al., 2023)

Zero-shot Clinical Entity Recognition using
ChatGPT (Hu et al., 2023c¢)



¢ Human-like Summarization Evaluation with
ChatGPT (Gao et al., 2023c¢)

* "HOT" ChatGPT: The promise of ChatGPT
in detecting and discriminating hateful, offen-
sive, and toxic comments on social media (Li
et al., 2023e)

* Large language models effectively leverage
document-level context for literary translation,
but critical errors persist (Karpinska and Iyyer,
2023)

* BayLing: Bridging Cross-lingual Alignment
and Instruction Following through Interac-
tive Translation for Large Language Mod-
els (Zhang et al., 2023d)

¢ Neural Machine Translation Data Generation
and Augmentation using ChatGPT (Yang and
Nicolai, 2023)

* ChatGPT MT: Competitive for High- (but not
Low-) Resource Languages (Robinson et al.,
2023)

* How would Stance Detection Techniques
Evolve after the Launch of ChatGPT? (Zhang
etal., 2022)

* BHASA: A Holistic Southeast Asian Linguis-
tic and Cultural Evaluation Suite for Large
Language Models (Leong et al., 2023)

» Zero-shot Approach to Overcome Perturba-
tion Sensitivity of Prompts (Chakraborty et al.,
2023)

* UZH_CLyp at SemEval-2023 Task 9: Head-
First Fine-Tuning and ChatGPT Data Gen-
eration for Cross-Lingual Learning in Tweet
Intimacy Prediction (Michail et al., 2023)

* Exploring the Feasibility of ChatGPT for
Event Extraction (Gao et al., 2023b)

* Does Synthetic Data Generation of LLMs
Help Clinical Text Mining? (Tang et al.,
2023b)

* ICL-D3IE: In-Context Learning with Diverse
Demonstrations Updating for Document In-
formation Extraction (He et al., 2023a)

e ChatGPT Prompt Patterns for Improving
Code Quality, Refactoring, Requirements
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Elicitation, and Software Design (White et al.,
2023)

* SelfCheckGPT: Zero-Resource Black-Box
Hallucination Detection for Generative Large
Language Models (Manakul et al., 2023)

* Translating Radiology Reports into Plain Lan-
guage using ChatGPT and GPT-4 with Prompt
Learning: Promising Results, Limitations,
and Potential (Lyu et al., 2023b)

* An Empirical Study of Pre-trained Language
Models in Simple Knowledge Graph Question
Answering (Hu et al., 2023b)

e DelD-GPT: Zero-shot Medical Text De-
Identification by GPT-4 (Liu et al., 2023j)

* MM-REACT: Prompting ChatGPT for Mul-
timodal Reasoning and Action (Yang et al.,
2023c)

* Is ChatGPT A Good Keyphrase Generator? A
Preliminary Study (Song et al., 2023)

* Beyond Black Box Al-Generated Plagiarism
Detection: From Sentence to Document
Level (Quidwai et al., 2023)

* Comparing Abstractive Summaries Generated
by ChatGPT to Real Summaries Through
Blinded Reviewers and Text Classification Al-
gorithms (Soni and Wade, 2023)

* MGTBench: Benchmarking Machine-
Generated Text Detection (He et al., 2023c)

* Neural Theory-of-Mind? On the Limits of
Social Intelligence in Large LMs (Sap et al.,
2023)

* What would Harry say? Building Dialogue
Agents for Characters in a Story (Chen et al.,
2023c)

* Reliable Natural Language Understanding
with Large Language Models and Answer Set
Programming (Rajasekharan et al., 2023)

* ByGPT5: End-to-End Style-conditioned Po-
etry Generation with Token-free Language
Models (Belouadi and Eger, 2023)

* Transformers Go for the LOLs: Generating
(Humourous) Titles from Scientific Abstracts
End-to-End (Chen and Eger, 2022)



* Modeling Label Semantics Improves Activity
Recognition (Zhang et al., 2023f)

* An Analysis of the Automatic Bug Fixing Per-
formance of ChatGPT (Sobania et al., 2023)

* Chat2VIS: Generating Data Visualisations via
Natural Language using ChatGPT, Codex and
GPT-3 Large Language Models (Maddigan
and Susnjak, 2023)

¢ ChatGPT versus Traditional Question Answer-
ing for Knowledge Graphs: Current Status
and Future Directions Towards Knowledge
Graph Chatbots (Omar et al., 2023)

* ChatCAD: Interactive Computer-Aided Di-
agnosis on Medical Image using Large Lan-
guage Models (Wang et al., 2023g)

* Guiding Large Language Mdels via Direc-
tional Stimulus Prompting (Li et al., 2023g)

e Utilizing ChatGPT Generated Data to Re-
trieve Depression Symptoms from Social Me-
dia (Bucur, 2023)

* Check Your Facts and Try Again: Improving
Large Language Models with External Knowl-
edge and Automated Feedback (Peng et al.,
2023a)

* ChatGPT for Zero-shot Dialogue State Track-
ing: A Solution or an Opportunity? (Heck
etal., 2023)

e ChatGPT vs Human-authored Text: Insights
into Controllable Text Summarization and
Sentence Style Transfer (Pu and Demberg,
2023)

* Not The End of Story: An Evaluation of
ChatGPT-Driven Vulnerability Description
Mappings (Liu et al., 2023f)

* ChatGPT is not a good indigenous transla-
tor (Stap and Araabi, 2023)

* You’ve Got a Friend in ... a Language Model?
A Comparison of Explanations of Multiple-
Choice Items of Reading Comprehension be-
tween ChatGPT and Humans (Duenas et al.,
2023)

* Language-Agnostic Transformers and Assess-
ing ChatGPT-Based Query Rewriting for Mul-
tilingual Document-Grounded QA (Gowriraj
etal., 2023)
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* HW-TSC at SemEval-2023 Task 7: Exploring
the Natural Language Inference Capabilities
of ChatGPT and Pre-trained Language Model
for Clinical Trial (Zhao et al., 2023b)

* Can ChatGPT Understand Causal Language
in Science Claims? (Kim et al., 2023)

e ChatGPT is fun, but it is not funny! Hu-
mor is still challenging Large Language Mod-
els (Jentzsch and Kersting, 2023)

* Assessing Cross-Cultural Alignment between
ChatGPT and Human Societies: An Empirical
Study (Cao et al., 2023)

* Evaluating Reading Comprehension Exercises
Generated by LLMs: A Showcase of Chat-
GPT in Education Applications (Xiao et al.,
2023)

e ChatGPT vs. Crowdsourcing vs. Experts:
Annotating Open-Domain Conversations with
Speech Functions (Ostyakova et al., 2023)

» Leveraging Large Language Models for Auto-
mated Dialogue Analysis (Finch et al., 2023)

* Breaking the Bank with ChatGPT: Few-Shot
Text Classification for Finance (Liang et al.,
2023b)

* Is ChatGPT a Good Teacher Coach? Measur-
ing Zero-Shot Performance For Scoring and
Providing Actionable Insights on Classroom
Instruction (Wang and Demszky, 2023)

* Credible Without Credit: Domain Experts As-
sess Generative Language Models (Peskoff
and Stewart, 2023)

* SUT at SemEval-2023 Task 1: Prompt Gen-
eration for Visual Word Sense Disambigua-
tion (Ghahroodi et al., 2023)

* How Well Do Large Language Models Per-
form on Faux Pas Tests? (Shapira et al., 2023)

 Zero-Shot Information Extraction for Clinical
Meta-Analysis using Large Language Mod-
els (Kartchner et al., 2023)

* Can Large Language Models Be an Alterna-
tive to Human Evaluation? (Chiang and Lee,
2023)



* RLAF: Generating Natural Language Feed-
back with Reinforcement Learning for Repair-
ing Model Outputs (Akyurek et al., 2023)

e Toward Human-Like Evaluation for Natural
Language Generation with Error Analysis (Lu
et al., 2023b)

» Multi-Level Knowledge Distillation for Out-
of-Distribution Detection in Text (Wu et al.,
2023b)

* MolXPT: Wrapping Molecules with Text for
Generative Pre-training (Liu et al., 20231)

* MUX-PLMSs: Pre-training Language Models
with Data Multiplexing (Murahari et al., 2023)

* Is GPT-3 a Good Data Annotator? (Ding et al.,
2023)

e Language Generation Models Can Cause
Harm: So What Can We Do About It? An
Actionable Survey (Kumar et al., 2023)

* Detoxifying Online Discourse: A Guided Re-
sponse Generation Approach for Reducing
Toxicity in User-Generated Text (Bose et al.,
2023)

e Faithful Question Answering with Monte-
Carlo Planning (Hong et al., 2023)

e Nut-cracking Sledgehammers: Prioritizing
Target Language Data over Bigger Language
Models for Cross-Lingual Metaphor Detec-
tion (Schuster and Markert, 2023)

* Generating Faithful Text From a Knowledge
Graph with Noisy Reference Text (Hashem
et al., 2023)

* Empowering Conversational Agents using Se-
mantic In-Context Learning (Omidvar and An,
2023)

* Can Large Language Models Safely Ad-
dress Patient Questions Following Cataract
Surgery? (Chowdhury et al., 2023)

» Towards Benchmarking and Improving the
Temporal Reasoning Capability of Large Lan-
guage Models (Tan et al., 2023a)

¢ Generative Pretrained Transformers for Emo-
tion Detection in a Code-Switching Set-
ting (Nedilko, 2023)
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* On the Underspecification of Situations in
Open-domain Conversational Datasets (Otani
et al., 2023)

* Understanding Factual Errors in Summariza-
tion: Errors, Summarizers, Datasets, Error
Detectors (Tang et al., 2023a)

* Multilingual Language Models are not Multi-
cultural: A Case Study in Emotion (Havaldar
et al., 2023)

* Good Data, Large Data, or No Data? Com-
paring Three Approaches in Developing Re-
search Aspect Classifiers for Biomedical Pa-
pers (Chandrasekhar et al., 2023)

* IDOL: Indicator-oriented Logic Pre-training
for Logical Reasoning (Xu et al., 2023c)

* PrecogllITH@WASSA2023: Emotion
Detection for Urdu-English Code-mixed
Text (Vedula et al., 2023)

* Do PLMs Know and Understand Ontological
Knowledge? (Wu et al., 2023c)

e Evaluation of Question Generation Needs
More References (Oh et al., 2023)

* A System for Answering Simple Questions in
Multiple Languages (Razzhigaev et al., 2023)

e HIT-SCIR at WASSA 2023: Empathy and
Emotion Analysis at the Utterance-Level and
the Essay-Level (Lu et al., 2023d)

* Pre-trained Language Models Can be Fully
Zero-Shot Learners (Zhao et al., 2023c¢)

* Predicting the Quality of Revisions in Argu-
mentative Writing (Liu et al., 2023k)

* Exploring Effectiveness of GPT-3 in Gram-
matical Error Correction: A Study on Perfor-
mance and Controllability in Prompt-Based
Methods (Loem et al., 2023)

* When Truth Matters — Addressing Prag-
matic Categories in Natural Language In-
ference (NLI) by Large Language Models
(LLMs) (Gubelmann et al., 2023)

* Debiasing should be Good and Bad: Measur-
ing the Consistency of Debiasing Techniques
in Language Models (Morabito et al., 2023)



B

* GPoeT: a Language Model Trained for Rhyme
Generation on Synthetic Data (Popescu-Belis
et al., 2023)

Examining Bias in Opinion Summarisation
Through the Perspective of Opinion Diver-
sity (Huang et al., 2023c)

Unsupervised Summarization Re-
ranking (Ravaut et al., 2023)

Improving Dutch Vaccine Hesitancy Monitor-
ing via Multi-Label Data Augmentation with
GPT-3.5 (Van Nooten and Daelemans, 2023)

What Makes a Good Counter-Stereotype?
Evaluating Strategies for Automated Re-
sponses to Stereotypical Text (Fraser et al.,
2023)

What Makes Good Counterspeech? A Com-
parison of Generation Approaches and Evalu-
ation Metrics (Zheng et al., 2023c)

DAMO-NLP at SemEval-2023 Task 2: A Uni-
fied Retrieval-augmented System for Multi-
lingual Named Entity Recognition (Tan et al.,
2023c¢)

UMASS_BioNLP at MEDIQA-Chat 2023:
Can LLMs generate high-quality synthetic
note-oriented  doctor-patient ~ conversa-
tions? (Wang et al., 2023f)

Frontier Review of Multimodal AI (Nan,
2023)

Is ChatGPT a Highly Fluent Grammatical Er-
ror Correction System? A Comprehensive
Evaluation (Fang et al., 2023)

DialogStudio: Towards Richest and Most Di-
verse Unified Dataset Collection for Conver-
sational Al (Zhang et al., 2023c)

Detailed List of ChatGPT Data Leak

‘We show which datasets have been leaked to Chat-
GPT in Tables 4 and 5.
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