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Abstract
Natural Language Processing (NLP) research001
is becoming increasingly focused on the use of002
Large Language Models (LLMs), with some003
of the most popular ones being either fully or004
partially closed-source. The lack of access005
to model details, especially regarding training006
data, has repeatedly raised concerns about data007
contamination among researchers. Several at-008
tempts have been made to address this issue, but009
they are limited to anecdotal evidence and trial010
and error. Additionally, they overlook the prob-011
lem of indirect data leaking, where models are012
iteratively improved by using data coming from013
users. In this work, we conduct the first sys-014
tematic review of work using OpenAI’s Chat-015
GPT and GPT-4, the most prominently used016
LLMs today, in the context of data contamina-017
tion. By analysing 255 papers and consider-018
ing OpenAI’s data usage policy, we extensively019
document how much data has been leaked to020
ChatGPT in the first year after the model’s re-021
lease. At the same time, we document a num-022
ber of evaluation malpractices emerging in the023
reviewed papers, including unfair or missing024
baseline comparisons, reproducibility issues,025
and authors’ lack of awareness of the data us-026
age policy. Our work provides the first quantifi-027
cation of the ChatGPT data leakage problem.028

1 Introduction029

The recent emergence of large language models030

(LLMs) that show remarkable performance on a031

wide range of tasks has led not only to a dramatic032

increase in their use in research but also to a grow-033

ing number of companies joining the race for the034

biggest and most powerful models. In pursuing a035

competitive advantage, many of the most popular036

LLMs today are locked behind API access and their037

details are unknown (OpenAI, 2023a; Thoppilan038

et al., 2022; Touvron et al., 2023). This includes039

model weights (OpenAI, 2023a), training data (Pik-040

tus et al., 2023), or infrastructural details to assess041

model carbon footprint (Lacoste et al., 2019).042

In particular, the lack of information about the 043

training data being used raises important questions 044

about the credibility of LLM performance evalua- 045

tion. The training data, typically collected automat- 046

ically by scraping documents from the web, may 047

contain training, validation, and – most critically – 048

test sets of standard NLP benchmarks, leading to 049

unintended evaluation of the LLM’s performance 050

on data it was trained on. This phenomenon, known 051

as data contamination, may not be an issue in the 052

general use of commercial LLMs, where adher- 053

ence to research principles is not mandatory, but 054

it becomes a serious problem when these tools are 055

widely used and evaluated in research. 056

Unfortunately, closed-source models are typi- 057

cally locked behind inference-only APIs, which 058

makes detecting data contamination very complex. 059

Because of this, existing work on the matter is lim- 060

ited to detecting extreme forms of overfitting and 061

memorization, where the LLM is mostly probed 062

to reproduce known examples from benchmarks 063

verbatim. These approaches also overlook that re- 064

cent LLMs get iteratively improved with user in- 065

teraction data. When users test these models on 066

benchmarks, they may, in fact, be exposing them 067

to the data even if it was not part of the original 068

training data, a phenomenon that we refer to as 069

indirect data leaking. 070

In this paper, we address the issue of data con- 071

tamination in closed-source LLMs by conducting 072

a systematic literature review. We review 255 pa- 073

pers and carefully detail data leakage emerging 074

from them. We focus primarily on OpenAI’s Chat- 075

GPT,1 and secondarily on GPT-42 as these are the 076

most frequently used commercial LLMs in NLP 077

research. By considering OpenAI’s data usage 078

policy, we assess how much data was reported to 079

be leaked to them in such a way that it could be 080

1https://openai.com/blog/chatgpt
2https://openai.com/gpt-4
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used for further training, hence giving the models081

an unfair advantage over open-source LLMs that082

are usually trained following scientific rigor. We083

also report a series of emergent evaluation mal-084

practices, including lack of comparison with other085

models/approaches, differences in the evaluation086

scale (e.g. closed-source LLMs being evaluated on087

samples while compared open models are evaluated088

over an entire benchmark), lack of code and data089

access, or data leakage even in situations where it090

could be avoided. To our knowledge, ours is the091

most comprehensive and extensive quantification092

of the data leakage issue in LLMs.093

In short, our contributions are as follows:094

(1) We perform a systematic review of the work095

evaluating OpenAI’s ChatGPT and GPT-4 on096

a variety of tasks in NLP and other domains097

(Section 4).098

(2) For each work, we estimate the amount of099

data leaked to these models in such a way that100

it could be used for further model training101

(Section 5.1).102

(3) We reveal some critical malpractices in closed-103

source LLM research, affecting both evalua-104

tion reproducibility and fairness (Sections 5.2105

and 5.3).106

(4) Based on our findings, we propose a list of107

best practices for the evaluation of closed-108

source LLMs (Section 6).109

Furthermore, we believe that the results of our110

work can help the ongoing efforts in empirical in-111

spection of LLM data contamination by pointing112

out which datasets are worth investigating. We re-113

lease our survey results as a spreadsheet with an114

assessment of the extent of data leakage for each115

dataset to stimulate further research.3116

2 Prior Work on LLM Data117

Contamination118

Work on LLMs data contamination traces back119

to OpenAI’s GPT-3 (Brown et al., 2020; Raffel120

et al., 2020; Magar and Schwartz, 2022), one of121

the first LLMs with general API access for which122

only partial training information was released. De-123

spite results hinting at the presence of significant124

data contamination (Raffel et al., 2020; Magar and125

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

Schwartz, 2022), the model has been used exten- 126

sively in research and the issue was rarely taken 127

into account when interpreting its performance. 128

With the release of ChatGPT and following closed- 129

source models to general public,4 the data contami- 130

nation topic became an even more pressing issue. 131

Because of the implicit complexity of analyz- 132

ing closed-source LLMs, few practical approaches 133

have been proposed to estimate the leak of known 134

benchmarks into them. One notable example is the 135

LLM Contamination Index,5 which features a reg- 136

ularly updated list of models along with the extent 137

of their eventual contamination/memorization on 138

popular NLP benchmarks. This approach works 139

by zero-shot prompting the model to generate in- 140

stances from specific datasets, providing details on 141

the required split and format (Sainz et al.). The 142

premise is that no model should be able to replicate 143

specific benchmark formats without having seen 144

them first. 145

Recent work (Aiyappa et al., 2023a) also dis- 146

cussed the issue by comparing different ChatGPT 147

versions on known benchmarks, noting that per- 148

formance on the task improved shortly after the 149

model was exposed to the datasets by previous 150

work (Zhang et al., 2022). More applied ap- 151

proaches have been proposed recently (Golchin 152

and Surdeanu, 2023), where the model is prompted 153

to complete a given sentence coming from a known 154

benchmark. The completion is then compared with 155

the original reference through text overlap metrics 156

and a statistical test is used to assess if the model 157

is contaminated. 158

Although these preliminary works exploring the 159

task of data contamination detection are promis- 160

ing, they cannot be fully trusted and have some 161

limitations. Most importantly, they are based on 162

an assessment of the model’s ability to generate an 163

example from the benchmark. The recall of such 164

methods can be affected by two issues: 165

(1) Some closed-source models have incorpo- 166

rated special filters into their decoding algo- 167

rithms that prevent them from generating texts 168

that significantly overlap with their training 169

sets (GitHub, 2022; Ippolito et al., 2023). This 170

creates an additional noise for the detection 171

methods and results in the lack of confidence 172

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

5https://hitz-zentroa.github.io/lm-contamination/

2

https://anonymous.4open.science/r/eacl-data_contamination-BEF1/
https://anonymous.4open.science/r/eacl-data_contamination-BEF1/
https://blog.google/technology/ai/lamda/
https://ai.google/discover/palm2/
https://cohere.com/models/command
https://claude.ai/
https://hitz-zentroa.github.io/lm-contamination/


that even the datasets tested negative for data173

leakage are not present in LLM training data.174

(2) Such approaches can only detect the most ex-175

treme form of overfitting which results in (al-176

most) complete memorization of data samples177

by the model. However, even a regular adjust-178

ment of the model by training on the leaked179

data, which does not necessarily lead to its180

memorization, poses a problem for fair com-181

parisons.182

3 The Issue of Indirect Data Leaking183

The related work presented in Section 2 approaches184

the issue of data contamination mainly by back-185

tracking models’ training data. It is commonly186

assumed that the use of benchmarks available only187

to authorised parties, or datasets being constructed188

after the ChatGPT release, is a guarantee that they189

have not been leaked. This ignores the fact that190

models using reinforcement learning from human191

feedback (RLHF) (Ouyang et al., 2022), such as192

ChatGPT, are subject to repeated updates (Aiyappa193

et al., 2023a) with training data partially coming194

from user interactions. The collection of user data195

and online model updates lead to a previously over-196

looked phenomenon of indirect data leaking. This197

is a new development of the issue for two main198

reasons:199

(1) Unlike plain text scraped from the internet,200

data from users might be harder to inspect201

for contamination as it might involve model202

prompts, textual alterations, or truncation of203

benchmark samples.204

(2) Users supply the data along with instructions205

on how to perform the task. In LLMs, this can206

be considered a novel form of gold-standard207

data for continued training, even in the ab-208

sence of target labels. Model updates on such209

data are likely much more effective than plain210

in-domain text.211

For (1), even with a conscious and targeted ef-212

fort of the LLM vendors to avoid fine-tuning the213

model on test data and benchmarks, this issue is214

particularly complex to trace. When evaluating215

a closed-source LLM, users often feed the model216

with test-set samples (with or without labels) sur-217

rounded by additional text, such as instructions in218

the form of prompts. In some cases, especially219

when evaluating the LLM robustness, the test-set220

samples are perturbed and hence no longer an exact 221

match of their original version. Therefore, it is un- 222

likely that LLM vendors could effectively exclude 223

leaked benchmarks from further model fine-tuning, 224

especially at scale. 225

For (2), it would be necessary to understand how 226

the LLM vendor uses the data to improve the model. 227

A very likely scenario is continued pre-training, 228

where the data leaked by users is treated as an 229

in-domain corpus (and thus given more influence 230

than pretraining data). This procedure is known 231

to improve models’ performances in the leaked 232

domains (Gururangan et al., 2020). Notably, Shi 233

and Lipani (2023) find that fine-tuning a model 234

on in-domain text enriched by textual instructions 235

leads to an increase in the model performance even 236

if gold labels are not shown to the model. Such a 237

setup perfectly matches the kind of data shown to 238

chat LLMs when evaluated by researchers. This 239

means that closed-source LLMs such as ChatGPT 240

can make use of these gold standard examples from 241

widely used NLP benchmarks to gain an unfair 242

advantage over other models. 243

With this motivation, we conduct a systematic 244

review to quantify how much of such data ChatGPT 245

could have obtained. 246

4 Methodology 247

Following the standard protocol for a systematic 248

work review from the medical domain (Khan et al., 249

2003) we organize our work into five macro-steps, 250

corresponding to the following subsections. 251

4.1 Framing questions 252

In reviewing the existing work on evaluation of 253

ChatGPT and GPT-4, we pose the following re- 254

search questions: 255

(1) Which datasets have been demonstrably 256

leaked to ChatGPT and GPT-4 during the last 257

year? 258

(2) Do all works evaluating these models include 259

a fair comparison with existing baselines? 260

4.2 Identifying relevant work 261

We employ commonly used online databases6 and 262

major NLP conferences proceedings (including 263

ACL, NAACL, EMNLP, NeurIPS), considering 264

6We query Google Scholar, Semantic Scholar, DBLP,
arXiV, ACL Anthology.
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both peer-reviewed work and pre-prints, as the in-265

teraction with LLMs happened regardless of pub-266

lication status. We filter our queries on work con-267

taining the terms “ChatGPT”, “evaluation”, “large268

language models” and “AI” either in title, abstract,269

body, or all of them.270

We also do not limit our search to computer271

science works only, as ChatGPT has been investi-272

gated by researchers from many other domains, e.g.273

healthcare (Kung et al., 2023a), psychology (Cai274

et al., 2023) and education (Szefer and Deshpande,275

2023). Since ChatGPT is our primary focus, we276

limit our search to works between late November277

2022 (when the model was publicly released) and278

early October 2023. Among all the papers, we279

first do a preliminary screening, assessing if they280

effectively run ChatGPT or GPT-4 in any form.7281

4.3 Assessing quality and relevance282

To assess which work effectively leaked data to283

ChatGPT or GPT-4, we refer to OpenAI’s data284

usage policy,8 stating that no text sent through or285

produced from API calls is used for model improve-286

ments from 1 March 2023 onwards (coinciding287

with the first ChatGPT API release). Therefore,288

only the work interacting with the models through289

the web interface9 is considered to leak data.290

A small number of works used both the web291

interface and API access.10 We carefully review292

such works to calculate which portion of the data293

was used in the former setup. We drew our con-294

clusions from the paper draft history on arXiv; in295

some cases, this information was also transparently296

disclosed by the authors. In the case of work with297

multiple drafts dating prior to the model release in298

November 2022, we consider the earliest draft that299

includes ChatGPT or GPT-4 for the calculation.300

4.4 Summarizing the evidence301

We inspect each surveyed paper, looking for in-302

formation on the used datasets, split, and number303

of samples. If no mention of sampling or similar304

information is made, we assume that the whole305

dataset has been used. Similarly, if no information306

on the used split is provided, we assume that the307

authors treated the dataset as a whole. It could be308

7We 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

9https://chat.openai.com/
10Their 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 309

GPT-4 is unrealistic because of the usage restric- 310

tions imposed by OpenAI on the web interface, 311

and the amount of work necessary for manually in- 312

putting the data inside the chat. However, we note 313

that quickly after ChatGPT release, many unofficial 314

wrappers have been developed11 for circumventing 315

said issues, most of which are still in active use. We 316

also point out that many of the papers we surveyed 317

mentioned the use of such tools explicitly. 318

We also track secondary information relevant to 319

the evaluation – for each work, we inspect: (1) if it 320

has been peer-reviewed12; (2) if the used prompts 321

are available; (3) if a repository to reproduce the 322

experiment is provided; (4) if the authors used a 323

whole dataset or a sample; (5) if ChatGPT or GPT- 324

4 were compared to other open models/approaches 325

and if the evaluation scale was the same; (6) if the 326

version of the model used is reported. 327

4.5 Interpreting the findings 328

We report the results of our review both quantita- 329

tively and qualitatively. Specifically, we report the 330

number of works surveyed leaking data to Chat- 331

GPT or GPT-4 in such a way that it can be used by 332

OpenAI to further improve the model (according 333

to their data policy). We also document a series 334

of evaluation practices emerging for the work re- 335

viewed that is problematic with respect to objec- 336

tiveness and reproducibility. Finally, drawing upon 337

our results, we present a series of best practices for 338

researchers evaluating OpenAI’s and other closed- 339

source LLMs. 340

5 Results 341

Following our methodology, in the first step we 342

identified 255 research papers, 216 of which 343

were found relevant during the initial screening. 344

Among the relevant papers, 72 (∼ 33%) were peer- 345

reviewed while the remainder (144) consisted of 346

pre-prints. We subsequently analysed the retrieved 347

papers to examine the problem of data contamina- 348

tion and the adopted evaluation practices. 349

5.1 Indirect data contamination 350

From our analysis, 90 papers (∼ 42%) accessed 351

ChatGPT or GPT-4 through the web interface, 352

hence providing data that OpenAI could have used 353

11E.g. revChatGPT, PyChatGPT, and ChatGPT-to-API.
12We 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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Figure 1: Distribution of the dates when papers evaluating ChatGPT or GPT-4 were first uploaded to arXiv or
published. The dotted line represents the ChatGPT API release (March 1st, 2023, dotted line in the chart) as a cutoff
point. The single paper shown using the API in February is by a research group who reported having early API
access.

Figure 2: Overview of data leakage distribution. We report the number of times (y) we observed a specific percentage
of leaking (x) for the considered split. As some work vaguely describes the used split as “test or dev set”, we merge
these two values in a unique chart.

to further improve its models. We note that while354

it is possible to opt out of providing the data for355

model improvement purposes, we found no evi-356

dence suggesting any of the surveyed papers did so.357

We first inspected the time distribution of the re-358

viewed works (Figure 1) to gain insight into when359

most data leaks happened. Unsurprisingly, the ma-360

jority of the papers leaking data dates before the361

official release of ChatGPT API, and it can be seen362

that web interface access rapidly decreased follow-363

ing March 2023. However, we must note that (1)364

a considerable amount of work kept using the web365

interface to access ChatGPT until September 2023366

and (2) our analysis cannot inspect the preliminary367

stages of prompt engineering, which are rarely re-368

ported and might still be done through the web369

interface because of its trial-and-error nature.370

The presence of leaked data after the API release371

may indicate that a part of the research community372

is either unaware of OpenAI’s data policy, or does373

not consider it a problem when conducting experi-374

ments. Many works also report on using the web375

interface for cost reasons, as it allows free Chat-376

GPT access. This might be crucial, especially for 377

small case studies. 378

As a second step, we quantified leak severity 379

according to the datasets and splits used. For papers 380

specifying the amount of data used or providing 381

a repository with the information, we considered 382

the given value. For the rest, we calculated the 383

value by inspecting the actual datasets.13 In seven 384

papers, no number of samples used was specified, 385

so we contacted the authors for clarification. In 386

the two cases where the authors did not respond, 387

we assumed the entire split of a dataset was used. 388

We calculated both the number of instances and 389

the percentage of the considered split (or the whole 390

dataset when applicable). 391

Since only a small number of datasets (18) was 392

used in multiple papers, we always assume that the 393

largest leak for a given dataset is a superset of all 394

smaller ones.14 395

13We mainly use HuggingFace Datasets, but also refer to
Kaggle or other sources based on availability.

14We 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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Task name Lo M-Lo M-Hi Hi

AI safety & ethics 0 0 2 0
Creative NLG 1 0 0 0
Dialogue 2 1 0 5
NLG evaluation 0 0 0 4
Machine Translation 6 4 1 1
Math 0 1 0 8
Natural language generation 2 1 0 14
Natural language inference 6 2 0 15
Language understanding 0 0 0 2
Paraphrasing 2 0 0 0
Politics 0 1 0 3
Programming 0 0 0 1
Psychology 0 0 0 1
Question answering 24 14 5 31
Commonsense reasoning 3 4 0 9
Semantic similarity 2 1 0 3
Sentiment analysis 8 9 1 8
Summarization 5 6 1 1
Text classification 1 0 0 3
Text extraction 2 1 0 7

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 leaked396

data from 263 unique datasets, for a total of397

over 4.7M samples.15 We find most samples398

(∼ 93.8%) coming from datasets treated as whole399

(with no split), followed by test and development400

(∼ 5.6%),16 and training (∼ 0.6%) sets. In line401

with what we discussed in Section 3, ChatGPT402

was presented with millions of samples with in-403

structions that could be considered de-facto novel404

gold-standard data in some cases.405

We also report that several works included the ex-406

amples’ labels when few-shot prompting ChatGPT407

or when using ChatGPT or GPT-4 as a reference-408

based evaluation metric. We consider this the worst409

possible case of data leaking, as it gives the model410

information about the desired output as well.411

To classify leak severity, we examine the fre-412

quency distribution of leak sizes (Figure 2). It413

appears that most works either leak full splits414

or very small samples, with only a few works415

leaking intermediate amounts. With this informa-416

tion, we classify a portion of leaked data as low417

(< 5%), moderate-low (5− 50%), moderate-high418

(50− 95%), or high (> 95%).419

Consequently, we categorize all leaked datasets420

identical.
15The survey total is 4,714,753 leaked samples.
16As 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 421

leak for 66 (∼ 25%) datasets, moderate-low for 422

47 (∼ 18%), moderate-high for 10 (∼ 4%) and 423

high for 142 (∼ 53%). This result is particularly 424

worrying as the majority of datasets were nearly 425

fully leaked. 426

Finally, we inspect which NLP tasks are cov- 427

ered by the leaked data (Table 1). We find that the 428

tasks suffering the most from high leaks are nat- 429

ural language inference, question answering, and 430

natural language generation. These and other tasks 431

(see Tables 4 and 5 in the Appendix) include a 432

lot of very popular NLP benchmarks, as well as 433

high-quality custom datasets created ad-hoc for in- 434

dividual evaluations. The custom datasets were 435

frequently phrased as an exam in a field different 436

from NLP, e.g. medicine, physics, psychology, or 437

law. Other custom datasets explored, for exam- 438

ple, the LLMs’ sense of humour, philosophical and 439

political leaning, or bias. 440

5.2 Reproducibility 441

We assessed the evaluations’ reproducibility by 442

checking whether the prompts used to query Chat- 443

GPT were provided, whether a repository contain- 444

ing data or code was available, and whether the 445

datasets used were custom-made. Finally, we also 446

checked for sampling of the original data or other 447

practices that make it impossible to exactly recon- 448

struct the data used. Results are shown in Table 2. 449

196 (91%) works report the prompts used to 450

convert data into a query and possibly to instruct 451

the model on how to perform a given task. The 452

number of works providing a code repository is 453

significantly smaller, at 115 (53%). This figure ex- 454

cludes papers that provided a link to a non-existent 455

or empty repository. Overall, 73 (51%) of the pre- 456

prints and 34 (47%) peer-reviewed papers provided 457

both prompts and a repository. 458

Another obstacle to reproducibility is that most 459

closed-source LLMs are being regularly updated. 460

Therefore, it is crucial for experiment reproducibil- 461

ity to report a specific LLM version. In the sur- 462

veyed works, this was generally done by reporting 463

the running period of the experiments when using 464

the web interface, or by reporting which version of 465

the model has been accessed via the API. Unfor- 466

tunately, as the concept of regular model updates 467

is relatively new, this practice is not yet common. 468

Only 29 (40%) of the peer-reviewed papers and 33 469

(23%) of the pre-prints provide this information. 470

We consider reporting the running period to be par- 471
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Prompts Repo Sampl. Custom n. (%)

3 (2.11%)

! 1 (0.70%)

! 8 (5.63%)

! 3 (2.11%)

! ! 2 (1.41%)

! 20 (14.08%)

! ! 3 (2.11%)

! ! 27 (19.01%)

! ! ! 3 (2.11%)

! ! 37 (26.06%)

! ! ! 4 (2.82%)

! ! ! 27 (19.01%)

! ! ! ! 4 (2.82%)

(a) Pre-prints

Prompts Repo Sampl. Custom n. (%)

1 (1.43%)

! ! 1 (1.43%)

! ! 1 (1.43%)

! 14 (20.00%)

! ! 7 (10.00%)

! ! 9 (12.86%)

! ! ! 3 (4.29%)

! ! 8 (11.43%)

! ! ! 4 (5.71%)

! ! ! 16 (22.86%)

! ! ! ! 6 (6.57%)

(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%)

! 54 (38.03%)

! ! 17 (11.97%)

(a) Pre-prints

Comp. Scale n. (%)

30 (42.86%)

! 34 (48.57%)

! ! 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) show472

that there may be vast differences between model473

versions.474

5.3 Evaluation (mal)practicies475

We found that the evaluation of ChatGPT’s perfor-476

mance is often conducted without comparing it to477

any open-source LLM or non-LLM-based method478

(see Table 3). This is similarly prevalent regardless479

of the publication status, appearing in 71 (50%)480

of pre-prints and 30 (43%) of published papers.481

In addition, among the works that perform a com-482

parison with open models, 23 (21%) compare the483

results computed on different samples. ChatGPT484

is typically evaluated on a random sample of the485

benchmark while other models are compared on its486

entirety. In many works, ChatGPT’s performance487

is measured on only a handful (10-50) of examples, 488

which substantially lowers the expressive power of 489

the comparison. For instance, considering a sim- 490

plistic case with binary assessment of model output 491

(correct/incorrect) on 10 examples, the difference 492

should be more than 30% to be statistically signifi- 493

cant,17 which is rarely seen. Statistical analysis of 494

results is almost never performed. 495

Another practice of some concern is the way in 496

which the size of the evaluation data is reported, 497

especially when sampling is used. The papers of- 498

ten show the size of the whole evaluation dataset 499

upfront (e.g. in a table or in the dataset description 500

section), but they report the actual sample sizes 501

17Assuming Fisher’s exact test, typical α = 5% and moder-
ate model performance around p̂ = 0.5
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used for evaluation only later and in a less obvi-502

ous way (in footnotes, limitations sections, or ap-503

pendices). This practice makes the experimental504

results harder to interpret.505

6 Best Practices in Closed-source LLM506

Evaluation507

Our survey revealed both a significant amount of508

data leakage in ChatGPT and many worrying trends509

in its evaluation. In light of this, we list a series of510

best practices that we believe could help mitigate511

the issues. We believe that researchers looking to512

objectively evaluate LLMs today should:513

Choose the right model access The first step514

when planning closed LLMs evaluation should be515

reading their most up-to-date data policies, and ac-516

cess models accordingly (e.g. API instead of web517

interface for OpenAI’s LLMs). We also acknowl-518

edge that in some cases this might not be viable519

due to budget limits, or an overly steep learning520

curve for the use of APIs by researchers outside of521

computer science.18522

Interpret performance skeptically The lack of523

system specifications, training data information,524

and other details can make commercial LLMs look525

like incredibly powerful tools with impressive zero-526

shot performance. Aiyappa et al. (2023a) already527

pointed out that this can often be explained by data528

contamination. In our review, we documented over529

4 million samples across over 200 NLP datasets530

having been leaked to these models. The perfor-531

mance of closed-source LLMs should always be532

interpreted while keeping this in mind.533

When possible, avoid using closed-source mod-534

els We strongly encourage using the available535

open-source LLMs. While there has been discus-536

sion in the research community about commercial537

models being consistently better than open-source538

ones, we note that (1) this is often driven by hype,539

while there is evidence of the opposite (Kocoń et al.,540

2023), (2) research done solely on closed LLMs541

limits scientific progress, bringing benefits mainly542

to the LLM vendors (3) LLM vendors can arbitrar-543

ily make changes to the models, e.g., making previ-544

ous versions unavailable, changing their behavior545

in a way that may not be visible to the user (Chen546

et al., 2023b) or changing the data treatment policy.547

18In such a case, at the time of writing this paper in mid-
October, OpenAI allows users to opt out of providing data for
model improvement by using a Google Form.

Adopt a fair and objective comparison Evaluat- 548

ing closed-source LLMs is tied to comparing them 549

with pre-existing approaches. Evaluating LLMs 550

on a limited number of samples while evaluating 551

others on dramatically larger sets is scientifically 552

dubious at best. When sampling is required (for 553

example for budgetary restrictions), it should be 554

applied to all the considered approaches. We also 555

discourage taking state-of-the-art values directly 556

from previous work and suggest to re-run all ap- 557

proaches on the considered data only. 558

Make the evaluation reproducible In light of 559

the known NLP evaluation reproducibility cri- 560

sis (Belz et al., 2023) we strongly encourage re- 561

searchers to report as many details about their setup. 562

Besides the commonly required information such 563

as random seeds, open model parameters, etc., we 564

note that when the evaluation involves closed mod- 565

els, additional details should be disclosed. Prompts, 566

as well as the process leading to them, should be de- 567

tailed since LLMs are very sensitive to even minor 568

changes in prompts (Lu et al., 2022). The model 569

version and experiment running period should be 570

mentioned as well so that further researchers can 571

use the same model checkpoint if possible. Data, 572

especially if sampled, should be released (ideally 573

in a repository) to avoid potential differences in 574

sampling. 575

7 Conclusion and Future Work 576

In this review, we present our findings based on a 577

survey of 255 papers evaluating the performance 578

of ChatGPT and GPT-4. We investigate the prob- 579

lem of indirect data contamination and report that 580

4.7M samples coming from 263 distinct datasets 581

have been leaked to these models. We also report 582

concerning research practices with respect to repro- 583

ducibility and fairness. Finally, informed by our 584

survey, we suggest best practices for the evaluation 585

of closed-source LLMs. 586

Future Work In our future work, we aim to run 587

experiments via the OpenAI API to see the impact 588

of leaked test data on the performance of ChatGPT 589

and GPT-4 on the leaked datasets and the tasks in 590

general. 591

Furthermore, we consider investigating indirect 592

data leakage in other closed-source models, namely 593

from Anthropic or Cohere, which appeared in a 594

small number of papers reviewed in this work. 595
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8 Limitations596

We are aware the list of contaminated datasets we597

compiled in our work is not fully conclusive for598

one of several reasons:599

(1) We review the information that has been pub-600

licly revealed via articles. We postulate more601

experiments could have revealed test set data602

to closed-source models but were never pub-603

lished.604

(2) In this paper, we focus on the works that use605

ChatGPT or GPT-4. However, prior to March606

1st, 2023, OpenAI’s policy stated that they607

may also use data from the API to improve608

their models. This would imply that data sent609

to GPT-3 via the API could have been used610

for training.611

(3) The number of papers investigating the per-612

formance of ChatGPT is vast, and despite613

our best efforts, we could have missed some614

works.615

(4) Information on whether individual works are616

pre-prints or published is given at the time of617

writing (early October 2023). This is subject618

to change, especially given the freshness of619

many of the works reviewed.620

(5) Many datasets released prior to 2021 could621

have been fully leaked by being a part of the622

models’ pre-training data.623

As mentioned in Section 4, in some cases the624

papers were not clear about some aspects of the625

experiments. We contacted the authors of such626

papers for clarification, however, two of them did627

not respond. For these papers, our best-judgment628

assumptions may be wrong.629
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Swayamdipta, Kyle Lo, Iz Beltagy, Doug Downey, 987
and Noah A. Smith. 2020. Don’t stop pretraining: 988
Adapt language models to domains and tasks. In 989
Proceedings of the 58th Annual Meeting of the 990
Association for Computational Linguistics, pages 991
8342–8360, Online. Association for Computational 992
Linguistics. 993

Tahsina Hashem, Weiqing Wang, Derry Tanti Wijaya, 994
Mohammed Eunus Ali, and Yuan-Fang Li. 2023. 995
Generating faithful text from a knowledge graph with 996
noisy reference text. In Proceedings of the 16th Inter- 997
national Natural Language Generation Conference, 998
pages 106–122, Prague, Czechia. Association for 999
Computational Linguistics. 1000

Shreya Havaldar, Bhumika Singhal, Sunny Rai, 1001
Langchen Liu, Sharath Chandra Guntuku, and Lyle 1002
Ungar. 2023. Multilingual language models are not 1003
multicultural: A case study in emotion. In Proceed- 1004
ings of the 13th Workshop on Computational Ap- 1005
proaches to Subjectivity, Sentiment, & Social Media 1006
Analysis, pages 202–214, Toronto, Canada. Associa- 1007
tion for Computational Linguistics. 1008

Jiabang He, Lei Wang, Yi Hu, Ning Liu, Hui Liu, Xing 1009
Xu, and Heng Tao Shen. 2023a. Icl-d3ie: In-context 1010
learning with diverse demonstrations updating for 1011
document information extraction. 1012

Qianyu He, Jie Zeng, Wenhao Huang, Lina Chen, Jin 1013
Xiao, Qianxi He, Xunzhe Zhou, Lida Chen, Xin- 1014
tao Wang, Yuncheng Huang, Haoning Ye, Zihan Li, 1015
Shisong Chen, Yikai Zhang, Zhouhong Gu, Jiaqing 1016
Liang, and Yanghua Xiao. 2023b. Can large language 1017
models understand real-world complex instructions? 1018

Xinlei He, Xinyue Shen, Zeyuan Chen, Michael Backes, 1019
and Yang Zhang. 2023c. Mgtbench: Benchmarking 1020
machine-generated text detection. 1021

Michael Heck, Nurul Lubis, Benjamin Ruppik, Renato 1022
Vukovic, Shutong Feng, Christian Geishauser, Hsien- 1023
chin Lin, Carel van Niekerk, and Milica Gasic. 2023. 1024
ChatGPT for zero-shot dialogue state tracking: A 1025
solution or an opportunity? In Proceedings of the 1026

12

http://arxiv.org/abs/2305.07375
http://arxiv.org/abs/2305.07375
http://arxiv.org/abs/2305.07375
http://arxiv.org/abs/2303.03836
http://arxiv.org/abs/2303.03836
http://arxiv.org/abs/2303.03836
http://arxiv.org/abs/2304.02554
http://arxiv.org/abs/2304.02554
http://arxiv.org/abs/2304.02554
http://arxiv.org/abs/2305.14627
http://arxiv.org/abs/2305.14627
http://arxiv.org/abs/2305.14627
http://arxiv.org/abs/2304.02182
http://arxiv.org/abs/2304.02182
http://arxiv.org/abs/2304.02182
http://arxiv.org/abs/2304.02182
http://arxiv.org/abs/2304.02182
https://doi.org/10.1177/05694345231169654
https://doi.org/10.1177/05694345231169654
https://doi.org/10.1177/05694345231169654
https://doi.org/10.18653/v1/2023.semeval-1.298
https://doi.org/10.18653/v1/2023.semeval-1.298
https://doi.org/10.18653/v1/2023.semeval-1.298
https://doi.org/10.18653/v1/2023.semeval-1.298
https://doi.org/10.18653/v1/2023.semeval-1.298
http://arxiv.org/abs/2306.09390
http://arxiv.org/abs/2306.09390
http://arxiv.org/abs/2306.09390
http://arxiv.org/abs/2306.09390
http://arxiv.org/abs/2306.09390
http://arxiv.org/abs/2303.15056
http://arxiv.org/abs/2303.15056
http://arxiv.org/abs/2303.15056
https://github.com/features/copilot
https://github.com/features/copilot
https://github.com/features/copilot
https://github.com/THU-KEG/EvaluationPapers4ChatGPT#evaluation-papers-for-chatgpt
https://doi.org/10.18653/v1/2023.dialdoc-1.11
https://doi.org/10.18653/v1/2023.dialdoc-1.11
https://doi.org/10.18653/v1/2023.dialdoc-1.11
https://doi.org/10.18653/v1/2023.dialdoc-1.11
https://doi.org/10.18653/v1/2023.dialdoc-1.11
http://arxiv.org/abs/2303.15587
http://arxiv.org/abs/2303.15587
http://arxiv.org/abs/2303.15587
http://arxiv.org/abs/2303.15587
http://arxiv.org/abs/2303.15587
https://doi.org/10.18653/v1/2023.starsem-1.4
https://doi.org/10.18653/v1/2023.starsem-1.4
https://doi.org/10.18653/v1/2023.starsem-1.4
https://doi.org/10.18653/v1/2023.starsem-1.4
https://doi.org/10.18653/v1/2023.starsem-1.4
https://doi.org/10.18653/v1/2023.starsem-1.4
https://doi.org/10.18653/v1/2023.starsem-1.4
http://arxiv.org/abs/2301.07597
http://arxiv.org/abs/2301.07597
http://arxiv.org/abs/2301.07597
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.18653/v1/2020.acl-main.740
https://doi.org/10.18653/v1/2020.acl-main.740
https://aclanthology.org/2023.inlg-main.8
https://aclanthology.org/2023.inlg-main.8
https://aclanthology.org/2023.inlg-main.8
https://doi.org/10.18653/v1/2023.wassa-1.19
https://doi.org/10.18653/v1/2023.wassa-1.19
https://doi.org/10.18653/v1/2023.wassa-1.19
http://arxiv.org/abs/2303.05063
http://arxiv.org/abs/2303.05063
http://arxiv.org/abs/2303.05063
http://arxiv.org/abs/2303.05063
http://arxiv.org/abs/2303.05063
http://arxiv.org/abs/2309.09150
http://arxiv.org/abs/2309.09150
http://arxiv.org/abs/2309.09150
http://arxiv.org/abs/2303.14822
http://arxiv.org/abs/2303.14822
http://arxiv.org/abs/2303.14822
https://doi.org/10.18653/v1/2023.acl-short.81
https://doi.org/10.18653/v1/2023.acl-short.81
https://doi.org/10.18653/v1/2023.acl-short.81


61st Annual Meeting of the Association for Compu-1027
tational Linguistics (Volume 2: Short Papers), pages1028
936–950, Toronto, Canada. Association for Compu-1029
tational Linguistics.1030

Amr Hendy, Mohamed Abdelrehim, Amr Sharaf,1031
Vikas Raunak, Mohamed Gabr, Hitokazu Matsushita,1032
Young Jin Kim, Mohamed Afify, and Hany Hassan1033
Awadalla. 2023. How good are gpt models at ma-1034
chine translation? a comprehensive evaluation.1035

Takanobu Hirosawa, Yukinori Harada, Masashi Yokose,1036
Tetsu Sakamoto, Ren Kawamura, and Taro Shimizu.1037
2023. Diagnostic accuracy of differential-diagnosis1038
lists generated by generative pretrained transformer1039
3 chatbot for clinical vignettes with common chief1040
complaints: A pilot study. International Journal of1041
Environmental Research and Public Health, 20(4).1042

Bart Holterman and Kees van Deemter. 2023. Does1043
chatgpt have theory of mind?1044

Ari Holtzman, Peter West, and Luke Zettlemoyer. 2023.1045
Generative models as a complex systems science:1046
How can we make sense of large language model1047
behavior?1048

Ruixin Hong, Hongming Zhang, Hong Zhao, Dong Yu,1049
and Changshui Zhang. 2023. Faithful question an-1050
swering with Monte-Carlo planning. In Proceedings1051
of the 61st Annual Meeting of the Association for1052
Computational Linguistics (Volume 1: Long Papers),1053
pages 3944–3965, Toronto, Canada. Association for1054
Computational Linguistics.1055

Hanxu Hu, Hongyuan Lu, Huajian Zhang, Yun-Ze Song,1056
Wai Lam, and Yue Zhang. 2023a. Chain-of-symbol1057
prompting elicits planning in large langauge models.1058

Nan Hu, Yike Wu, Guilin Qi, Dehai Min, Jiaoyan Chen,1059
Jeff Z. Pan, and Zafar Ali. 2023b. An empirical study1060
of pre-trained language models in simple knowledge1061
graph question answering.1062

Yan Hu, Iqra Ameer, Xu Zuo, Xueqing Peng, Yujia1063
Zhou, Zehan Li, Yiming Li, Jianfu Li, Xiaoqian Jiang,1064
and Hua Xu. 2023c. Zero-shot clinical entity recog-1065
nition using chatgpt.1066

Fan Huang, Haewoon Kwak, and Jisun An. 2023a. Is1067
chatgpt better than human annotators? potential and1068
limitations of chatgpt in explaining implicit hate1069
speech.1070

Haoyang Huang, Tianyi Tang, Dongdong Zhang,1071
Wayne Xin Zhao, Ting Song, Yan Xia, and Furu Wei.1072
2023b. Not all languages are created equal in llms:1073
Improving multilingual capability by cross-lingual-1074
thought prompting.1075

Nannan Huang, Lin Tian, Haytham Fayek, and Xiuzhen1076
Zhang. 2023c. Examining bias in opinion summarisa-1077
tion through the perspective of opinion diversity. In1078
Proceedings of the 13th Workshop on Computational1079
Approaches to Subjectivity, Sentiment, & Social Me-1080
dia Analysis, pages 149–161, Toronto, Canada. Asso-1081
ciation for Computational Linguistics.1082

Yuheng Huang, Jiayang Song, Zhijie Wang, Shengming 1083
Zhao, Huaming Chen, Felix Juefei-Xu, and Lei Ma. 1084
2023d. Look before you leap: An exploratory study 1085
of uncertainty measurement for large language mod- 1086
els. 1087

Yuzhen Huang, Yuzhuo Bai, Zhihao Zhu, Junlei 1088
Zhang, Jinghan Zhang, Tangjun Su, Junteng Liu, 1089
Chuancheng Lv, Yikai Zhang, Jiayi Lei, Yao Fu, 1090
Maosong Sun, and Junxian He. 2023e. C-eval: A 1091
multi-level multi-discipline chinese evaluation suite 1092
for foundation models. 1093

Daphne Ippolito, Florian Tramer, Milad Nasr, Chiyuan 1094
Zhang, Matthew Jagielski, Katherine Lee, Christo- 1095
pher Choquette Choo, and Nicholas Carlini. 2023. 1096
Preventing generation of verbatim memorization in 1097
language models gives a false sense of privacy. In 1098
Proceedings of the 16th International Natural Lan- 1099
guage Generation Conference, pages 28–53, Prague, 1100
Czechia. Association for Computational Linguistics. 1101

Israt Jahan, Md Tahmid Rahman Laskar, Chun Peng, 1102
and Jimmy Huang. 2023. Evaluation of ChatGPT on 1103
biomedical tasks: A zero-shot comparison with fine- 1104
tuned generative transformers. In The 22nd Work- 1105
shop on Biomedical Natural Language Processing 1106
and BioNLP Shared Tasks, pages 326–336, Toronto, 1107
Canada. Association for Computational Linguistics. 1108

Myeongjun Jang and Thomas Lukasiewicz. 2023. Con- 1109
sistency analysis of chatgpt. 1110

Sophie Jentzsch and Kristian Kersting. 2023. ChatGPT 1111
is fun, but it is not funny! humor is still challenging 1112
large language models. In Proceedings of the 13th 1113
Workshop on Computational Approaches to Subjec- 1114
tivity, Sentiment, & Social Media Analysis, pages 1115
325–340, Toronto, Canada. Association for Compu- 1116
tational Linguistics. 1117

Jinhao Jiang, Kun Zhou, Zican Dong, Keming Ye, 1118
Wayne Xin Zhao, and Ji-Rong Wen. 2023. Structgpt: 1119
A general framework for large language model to 1120
reason over structured data. 1121

Wenxiang Jiao, Wenxuan Wang, Jen-tse Huang, Xing 1122
Wang, and Zhaopeng Tu. 2023. Is chatgpt a good 1123
translator? yes with gpt-4 as the engine. 1124

Ana Jojic, Zhen Wang, and Nebojsa Jojic. 2023. Gpt is 1125
becoming a turing machine: Here are some ways to 1126
program it. 1127

Marzena Karpinska and Mohit Iyyer. 2023. Large lan- 1128
guage models effectively leverage document-level 1129
context for literary translation, but critical errors per- 1130
sist. 1131

David Kartchner, Selvi Ramalingam, Irfan Al-Hussaini, 1132
Olivia Kronick, and Cassie Mitchell. 2023. Zero- 1133
shot information extraction for clinical meta-analysis 1134
using large language models. In The 22nd Work- 1135
shop on Biomedical Natural Language Processing 1136
and BioNLP Shared Tasks, pages 396–405, Toronto, 1137
Canada. Association for Computational Linguistics. 1138

13

http://arxiv.org/abs/2302.09210
http://arxiv.org/abs/2302.09210
http://arxiv.org/abs/2302.09210
https://www.mdpi.com/1660-4601/20/4/3378
https://www.mdpi.com/1660-4601/20/4/3378
https://www.mdpi.com/1660-4601/20/4/3378
https://www.mdpi.com/1660-4601/20/4/3378
https://www.mdpi.com/1660-4601/20/4/3378
https://www.mdpi.com/1660-4601/20/4/3378
https://www.mdpi.com/1660-4601/20/4/3378
http://arxiv.org/abs/2305.14020
http://arxiv.org/abs/2305.14020
http://arxiv.org/abs/2305.14020
http://arxiv.org/abs/2308.00189
http://arxiv.org/abs/2308.00189
http://arxiv.org/abs/2308.00189
http://arxiv.org/abs/2308.00189
http://arxiv.org/abs/2308.00189
https://doi.org/10.18653/v1/2023.acl-long.218
https://doi.org/10.18653/v1/2023.acl-long.218
https://doi.org/10.18653/v1/2023.acl-long.218
http://arxiv.org/abs/2305.10276
http://arxiv.org/abs/2305.10276
http://arxiv.org/abs/2305.10276
http://arxiv.org/abs/2303.10368
http://arxiv.org/abs/2303.10368
http://arxiv.org/abs/2303.10368
http://arxiv.org/abs/2303.10368
http://arxiv.org/abs/2303.10368
http://arxiv.org/abs/2303.16416
http://arxiv.org/abs/2303.16416
http://arxiv.org/abs/2303.16416
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2302.07736
http://arxiv.org/abs/2305.07004
http://arxiv.org/abs/2305.07004
http://arxiv.org/abs/2305.07004
http://arxiv.org/abs/2305.07004
http://arxiv.org/abs/2305.07004
https://doi.org/10.18653/v1/2023.wassa-1.14
https://doi.org/10.18653/v1/2023.wassa-1.14
https://doi.org/10.18653/v1/2023.wassa-1.14
http://arxiv.org/abs/2307.10236
http://arxiv.org/abs/2307.10236
http://arxiv.org/abs/2307.10236
http://arxiv.org/abs/2307.10236
http://arxiv.org/abs/2307.10236
http://arxiv.org/abs/2305.08322
http://arxiv.org/abs/2305.08322
http://arxiv.org/abs/2305.08322
http://arxiv.org/abs/2305.08322
http://arxiv.org/abs/2305.08322
https://aclanthology.org/2023.inlg-main.3
https://aclanthology.org/2023.inlg-main.3
https://aclanthology.org/2023.inlg-main.3
https://doi.org/10.18653/v1/2023.bionlp-1.30
https://doi.org/10.18653/v1/2023.bionlp-1.30
https://doi.org/10.18653/v1/2023.bionlp-1.30
https://doi.org/10.18653/v1/2023.bionlp-1.30
https://doi.org/10.18653/v1/2023.bionlp-1.30
http://arxiv.org/abs/2303.06273
http://arxiv.org/abs/2303.06273
http://arxiv.org/abs/2303.06273
https://doi.org/10.18653/v1/2023.wassa-1.29
https://doi.org/10.18653/v1/2023.wassa-1.29
https://doi.org/10.18653/v1/2023.wassa-1.29
https://doi.org/10.18653/v1/2023.wassa-1.29
https://doi.org/10.18653/v1/2023.wassa-1.29
http://arxiv.org/abs/2305.09645
http://arxiv.org/abs/2305.09645
http://arxiv.org/abs/2305.09645
http://arxiv.org/abs/2305.09645
http://arxiv.org/abs/2305.09645
http://arxiv.org/abs/2301.08745
http://arxiv.org/abs/2301.08745
http://arxiv.org/abs/2301.08745
http://arxiv.org/abs/2303.14310
http://arxiv.org/abs/2303.14310
http://arxiv.org/abs/2303.14310
http://arxiv.org/abs/2303.14310
http://arxiv.org/abs/2303.14310
http://arxiv.org/abs/2304.03245
http://arxiv.org/abs/2304.03245
http://arxiv.org/abs/2304.03245
http://arxiv.org/abs/2304.03245
http://arxiv.org/abs/2304.03245
http://arxiv.org/abs/2304.03245
http://arxiv.org/abs/2304.03245
https://doi.org/10.18653/v1/2023.bionlp-1.37
https://doi.org/10.18653/v1/2023.bionlp-1.37
https://doi.org/10.18653/v1/2023.bionlp-1.37
https://doi.org/10.18653/v1/2023.bionlp-1.37
https://doi.org/10.18653/v1/2023.bionlp-1.37


Jungo Kasai, Yuhei Kasai, Keisuke Sakaguchi, Yutaro1139
Yamada, and Dragomir Radev. 2023. Evaluating1140
gpt-4 and chatgpt on japanese medical licensing ex-1141
aminations.1142

Khalid S Khan, Regina Kunz, Jos Kleijnen, and Gerd1143
Antes. 2003. Five steps to conducting a systematic1144
review. Journal of the royal society of medicine,1145
96(3):118–121.1146

Yuheun Kim, Lu Guo, Bei Yu, and Yingya Li. 2023.1147
Can ChatGPT understand causal language in science1148
claims? In Proceedings of the 13th Workshop on1149
Computational Approaches to Subjectivity, Sentiment,1150
& Social Media Analysis, pages 379–389, Toronto,1151
Canada. Association for Computational Linguistics.1152

Tom Kocmi and Christian Federmann. 2023. Large1153
language models are state-of-the-art evaluators of1154
translation quality.1155
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• Are Large Language Models Really Good2351

Logical Reasoners? A Comprehensive Evalua-2352

tion From Deductive, Inductive and Abductive2353

Views (Xu et al., 2023a)2354

• Investigating the Factual Knowledge Bound-2355

ary of Large Language Models with Retrieval2356

Augmentation (Ren et al., 2023)2357

• SciBench: Evaluating College-Level Scien-2358

tific Problem-Solving Abilities of Large Lan-2359

guage Models (Wang et al., 2023h)2360

• Think-on-Graph: Deep and Responsible Rea-2361

soning of Large Language Model with Knowl-2362

edge Graph (Sun et al., 2023a)2363

• Skills-in-Context Prompting: Unlocking2364

Compositionality in Large Language Mod-2365

els (Chen et al., 2023a)2366

• Large Language Models Sensitivity to The2367

Order of Options in Multiple-Choice Ques-2368

tions (Pezeshkpour and Hruschka, 2023)2369

• Large Language Models on the Chessboard:2370

A Study on ChatGPT’s Formal Language2371

Comprehension and Complex Reasoning2372

Skills (Kuo et al., 2023)2373

• Evaluating Large Language Models on2374

Graphs: Performance Insights and Compara-2375

tive Analysis (Liu and Wu, 2023)2376

• Exploring New Frontiers in Agricultural NLP:2377

Investigating the Potential of Large Language2378

Models for Food Applications (Rezayi et al.,2379

2023)2380

• MINT: Evaluating LLMs in Multi-turn In-2381

teraction with Tools and Language Feed-2382

back (Wang et al., 2023i)2383

• ChatGPT for Robotics: Design Principles and2384

Model Abilities (Vemprala et al., 2023)2385

• Error Analysis Prompting Enables Human-2386

Like Translation Evaluation in Large Lan-2387

guage Models: A Case Study on ChatGPT (Lu2388

et al., 2023c)2389

• Towards Making the Most of ChatGPT for2390

Machine Translation (Peng et al., 2023c)2391

• Linguistically Informed ChatGPT Prompts to 2392

Enhance Japanese-Chinese Machine Trans- 2393

lation: A Case Study on Attributive 2394

Clauses (Gu, 2023) 2395

• How to Design Translation Prompts for Chat- 2396

GPT: An Empirical Study (Gao et al., 2023e) 2397

• Is Your Code Generated by ChatGPT Really 2398

Correct? Rigorous Evaluation of Large Lan- 2399

guage Models for Code Generation (Liu et al., 2400

2023e) 2401

• Evaluating ChatGPT’s Information Extrac- 2402

tion Capabilities: An Assessment of Perfor- 2403

mance, Explainability, Calibration, and Faith- 2404

fulness (Li et al., 2023a) 2405

• Can ChatGPT Assess Human Personalities? 2406

A General Evaluation Framework (Rao et al., 2407

2023b) 2408

• Is ChatGPT Equipped with Emotional Dia- 2409

logue Capabilities? (Zhao et al., 2023a) 2410

• AugGPT: Leveraging ChatGPT for Text Data 2411

Augmentation (Dai et al., 2023a) 2412

• Evaluating GPT-4 and ChatGPT on Japanese 2413

Medical Licensing Examinations (Kasai et al., 2414

2023) 2415

• To ChatGPT, or not to ChatGPT: That is the 2416

question! (Pegoraro et al., 2023) 2417

• In ChatGPT We Trust? Measuring and Char- 2418

acterizing the Reliability of ChatGPT (Shen 2419

et al., 2023) 2420

• Analyzing ChatGPT’s Aptitude in an Intro- 2421

ductory Computer Engineering Course (Desh- 2422

pande and Szefer, 2023) 2423

• Linguistic ambiguity analysis in Chat- 2424

GPT (Ortega-Martín et al., 2023) 2425

• Using ChatGPT for Entity Matching (Peeters 2426

and Bizer, 2023) 2427

• MEGA: Multilingual Evaluation of Genera- 2428

tive AII (Ahuja et al., 2023) 2429

• Evaluation of ChatGPT on Biomedical Tasks: 2430

A Zero-Shot Comparison with Fine-Tuned 2431

Generative Transformers (Jahan et al., 2023) 2432

• Zero-shot Clinical Entity Recognition using 2433

ChatGPT (Hu et al., 2023c) 2434
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• Human-like Summarization Evaluation with2435

ChatGPT (Gao et al., 2023c)2436

• "HOT" ChatGPT: The promise of ChatGPT2437

in detecting and discriminating hateful, offen-2438

sive, and toxic comments on social media (Li2439

et al., 2023e)2440

• Large language models effectively leverage2441

document-level context for literary translation,2442

but critical errors persist (Karpinska and Iyyer,2443

2023)2444

• BayLing: Bridging Cross-lingual Alignment2445

and Instruction Following through Interac-2446

tive Translation for Large Language Mod-2447

els (Zhang et al., 2023d)2448

• Neural Machine Translation Data Generation2449

and Augmentation using ChatGPT (Yang and2450

Nicolai, 2023)2451

• ChatGPT MT: Competitive for High- (but not2452

Low-) Resource Languages (Robinson et al.,2453

2023)2454

• How would Stance Detection Techniques2455

Evolve after the Launch of ChatGPT? (Zhang2456

et al., 2022)2457

• BHASA: A Holistic Southeast Asian Linguis-2458

tic and Cultural Evaluation Suite for Large2459

Language Models (Leong et al., 2023)2460

• Zero-shot Approach to Overcome Perturba-2461

tion Sensitivity of Prompts (Chakraborty et al.,2462

2023)2463

• UZH_CLyp at SemEval-2023 Task 9: Head-2464

First Fine-Tuning and ChatGPT Data Gen-2465

eration for Cross-Lingual Learning in Tweet2466

Intimacy Prediction (Michail et al., 2023)2467

• Exploring the Feasibility of ChatGPT for2468

Event Extraction (Gao et al., 2023b)2469

• Does Synthetic Data Generation of LLMs2470

Help Clinical Text Mining? (Tang et al.,2471

2023b)2472

• ICL-D3IE: In-Context Learning with Diverse2473

Demonstrations Updating for Document In-2474

formation Extraction (He et al., 2023a)2475

• ChatGPT Prompt Patterns for Improving2476

Code Quality, Refactoring, Requirements2477

Elicitation, and Software Design (White et al., 2478

2023) 2479

• SelfCheckGPT: Zero-Resource Black-Box 2480

Hallucination Detection for Generative Large 2481

Language Models (Manakul et al., 2023) 2482

• Translating Radiology Reports into Plain Lan- 2483

guage using ChatGPT and GPT-4 with Prompt 2484

Learning: Promising Results, Limitations, 2485

and Potential (Lyu et al., 2023b) 2486

• An Empirical Study of Pre-trained Language 2487

Models in Simple Knowledge Graph Question 2488

Answering (Hu et al., 2023b) 2489

• DeID-GPT: Zero-shot Medical Text De- 2490

Identification by GPT-4 (Liu et al., 2023j) 2491

• MM-REACT: Prompting ChatGPT for Mul- 2492

timodal Reasoning and Action (Yang et al., 2493

2023c) 2494

• Is ChatGPT A Good Keyphrase Generator? A 2495

Preliminary Study (Song et al., 2023) 2496

• Beyond Black Box AI-Generated Plagiarism 2497

Detection: From Sentence to Document 2498

Level (Quidwai et al., 2023) 2499

• Comparing Abstractive Summaries Generated 2500

by ChatGPT to Real Summaries Through 2501

Blinded Reviewers and Text Classification Al- 2502

gorithms (Soni and Wade, 2023) 2503

• MGTBench: Benchmarking Machine- 2504

Generated Text Detection (He et al., 2023c) 2505

• Neural Theory-of-Mind? On the Limits of 2506

Social Intelligence in Large LMs (Sap et al., 2507

2023) 2508

• What would Harry say? Building Dialogue 2509

Agents for Characters in a Story (Chen et al., 2510

2023c) 2511

• Reliable Natural Language Understanding 2512

with Large Language Models and Answer Set 2513

Programming (Rajasekharan et al., 2023) 2514

• ByGPT5: End-to-End Style-conditioned Po- 2515

etry Generation with Token-free Language 2516

Models (Belouadi and Eger, 2023) 2517

• Transformers Go for the LOLs: Generating 2518

(Humourous) Titles from Scientific Abstracts 2519

End-to-End (Chen and Eger, 2022) 2520
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• Modeling Label Semantics Improves Activity2521

Recognition (Zhang et al., 2023f)2522

• An Analysis of the Automatic Bug Fixing Per-2523

formance of ChatGPT (Sobania et al., 2023)2524

• Chat2VIS: Generating Data Visualisations via2525

Natural Language using ChatGPT, Codex and2526

GPT-3 Large Language Models (Maddigan2527

and Susnjak, 2023)2528

• ChatGPT versus Traditional Question Answer-2529

ing for Knowledge Graphs: Current Status2530

and Future Directions Towards Knowledge2531

Graph Chatbots (Omar et al., 2023)2532

• ChatCAD: Interactive Computer-Aided Di-2533

agnosis on Medical Image using Large Lan-2534

guage Models (Wang et al., 2023g)2535

• Guiding Large Language Mdels via Direc-2536

tional Stimulus Prompting (Li et al., 2023g)2537

• Utilizing ChatGPT Generated Data to Re-2538

trieve Depression Symptoms from Social Me-2539

dia (Bucur, 2023)2540

• Check Your Facts and Try Again: Improving2541

Large Language Models with External Knowl-2542

edge and Automated Feedback (Peng et al.,2543

2023a)2544

• ChatGPT for Zero-shot Dialogue State Track-2545

ing: A Solution or an Opportunity? (Heck2546

et al., 2023)2547

• ChatGPT vs Human-authored Text: Insights2548

into Controllable Text Summarization and2549

Sentence Style Transfer (Pu and Demberg,2550

2023)2551

• Not The End of Story: An Evaluation of2552

ChatGPT-Driven Vulnerability Description2553

Mappings (Liu et al., 2023f)2554

• ChatGPT is not a good indigenous transla-2555

tor (Stap and Araabi, 2023)2556

• You’ve Got a Friend in ... a Language Model?2557

A Comparison of Explanations of Multiple-2558

Choice Items of Reading Comprehension be-2559

tween ChatGPT and Humans (Duenas et al.,2560

2023)2561

• Language-Agnostic Transformers and Assess-2562

ing ChatGPT-Based Query Rewriting for Mul-2563

tilingual Document-Grounded QA (Gowriraj2564

et al., 2023)2565

• HW-TSC at SemEval-2023 Task 7: Exploring 2566

the Natural Language Inference Capabilities 2567

of ChatGPT and Pre-trained Language Model 2568

for Clinical Trial (Zhao et al., 2023b) 2569

• Can ChatGPT Understand Causal Language 2570

in Science Claims? (Kim et al., 2023) 2571

• ChatGPT is fun, but it is not funny! Hu- 2572

mor is still challenging Large Language Mod- 2573

els (Jentzsch and Kersting, 2023) 2574

• Assessing Cross-Cultural Alignment between 2575

ChatGPT and Human Societies: An Empirical 2576

Study (Cao et al., 2023) 2577

• Evaluating Reading Comprehension Exercises 2578

Generated by LLMs: A Showcase of Chat- 2579

GPT in Education Applications (Xiao et al., 2580

2023) 2581

• ChatGPT vs. Crowdsourcing vs. Experts: 2582

Annotating Open-Domain Conversations with 2583

Speech Functions (Ostyakova et al., 2023) 2584

• Leveraging Large Language Models for Auto- 2585

mated Dialogue Analysis (Finch et al., 2023) 2586

• Breaking the Bank with ChatGPT: Few-Shot 2587

Text Classification for Finance (Liang et al., 2588

2023b) 2589

• Is ChatGPT a Good Teacher Coach? Measur- 2590

ing Zero-Shot Performance For Scoring and 2591

Providing Actionable Insights on Classroom 2592

Instruction (Wang and Demszky, 2023) 2593

• Credible Without Credit: Domain Experts As- 2594

sess Generative Language Models (Peskoff 2595

and Stewart, 2023) 2596

• SUT at SemEval-2023 Task 1: Prompt Gen- 2597

eration for Visual Word Sense Disambigua- 2598

tion (Ghahroodi et al., 2023) 2599

• How Well Do Large Language Models Per- 2600

form on Faux Pas Tests? (Shapira et al., 2023) 2601

• Zero-Shot Information Extraction for Clinical 2602

Meta-Analysis using Large Language Mod- 2603

els (Kartchner et al., 2023) 2604

• Can Large Language Models Be an Alterna- 2605

tive to Human Evaluation? (Chiang and Lee, 2606

2023) 2607
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• RL4F: Generating Natural Language Feed-2608

back with Reinforcement Learning for Repair-2609

ing Model Outputs (Akyurek et al., 2023)2610

• Toward Human-Like Evaluation for Natural2611

Language Generation with Error Analysis (Lu2612

et al., 2023b)2613

• Multi-Level Knowledge Distillation for Out-2614

of-Distribution Detection in Text (Wu et al.,2615

2023b)2616

• MolXPT: Wrapping Molecules with Text for2617

Generative Pre-training (Liu et al., 2023i)2618

• MUX-PLMs: Pre-training Language Models2619

with Data Multiplexing (Murahari et al., 2023)2620

• Is GPT-3 a Good Data Annotator? (Ding et al.,2621

2023)2622

• Language Generation Models Can Cause2623

Harm: So What Can We Do About It? An2624

Actionable Survey (Kumar et al., 2023)2625

• Detoxifying Online Discourse: A Guided Re-2626

sponse Generation Approach for Reducing2627

Toxicity in User-Generated Text (Bose et al.,2628

2023)2629

• Faithful Question Answering with Monte-2630

Carlo Planning (Hong et al., 2023)2631

• Nut-cracking Sledgehammers: Prioritizing2632

Target Language Data over Bigger Language2633

Models for Cross-Lingual Metaphor Detec-2634

tion (Schuster and Markert, 2023)2635

• Generating Faithful Text From a Knowledge2636

Graph with Noisy Reference Text (Hashem2637

et al., 2023)2638

• Empowering Conversational Agents using Se-2639

mantic In-Context Learning (Omidvar and An,2640

2023)2641

• Can Large Language Models Safely Ad-2642

dress Patient Questions Following Cataract2643

Surgery? (Chowdhury et al., 2023)2644

• Towards Benchmarking and Improving the2645

Temporal Reasoning Capability of Large Lan-2646

guage Models (Tan et al., 2023a)2647

• Generative Pretrained Transformers for Emo-2648

tion Detection in a Code-Switching Set-2649

ting (Nedilko, 2023)2650

• On the Underspecification of Situations in 2651

Open-domain Conversational Datasets (Otani 2652

et al., 2023) 2653

• Understanding Factual Errors in Summariza- 2654

tion: Errors, Summarizers, Datasets, Error 2655

Detectors (Tang et al., 2023a) 2656

• Multilingual Language Models are not Multi- 2657

cultural: A Case Study in Emotion (Havaldar 2658

et al., 2023) 2659

• Good Data, Large Data, or No Data? Com- 2660

paring Three Approaches in Developing Re- 2661

search Aspect Classifiers for Biomedical Pa- 2662

pers (Chandrasekhar et al., 2023) 2663

• IDOL: Indicator-oriented Logic Pre-training 2664

for Logical Reasoning (Xu et al., 2023c) 2665

• PrecogIIITH@WASSA2023: Emotion 2666

Detection for Urdu-English Code-mixed 2667

Text (Vedula et al., 2023) 2668

• Do PLMs Know and Understand Ontological 2669

Knowledge? (Wu et al., 2023c) 2670

• Evaluation of Question Generation Needs 2671

More References (Oh et al., 2023) 2672

• A System for Answering Simple Questions in 2673

Multiple Languages (Razzhigaev et al., 2023) 2674

• HIT-SCIR at WASSA 2023: Empathy and 2675

Emotion Analysis at the Utterance-Level and 2676

the Essay-Level (Lu et al., 2023d) 2677

• Pre-trained Language Models Can be Fully 2678

Zero-Shot Learners (Zhao et al., 2023c) 2679

• Predicting the Quality of Revisions in Argu- 2680

mentative Writing (Liu et al., 2023k) 2681

• Exploring Effectiveness of GPT-3 in Gram- 2682

matical Error Correction: A Study on Perfor- 2683

mance and Controllability in Prompt-Based 2684

Methods (Loem et al., 2023) 2685

• When Truth Matters – Addressing Prag- 2686

matic Categories in Natural Language In- 2687

ference (NLI) by Large Language Models 2688

(LLMs) (Gubelmann et al., 2023) 2689

• Debiasing should be Good and Bad: Measur- 2690

ing the Consistency of Debiasing Techniques 2691

in Language Models (Morabito et al., 2023) 2692
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• GPoeT: a Language Model Trained for Rhyme2693

Generation on Synthetic Data (Popescu-Belis2694

et al., 2023)2695

• Examining Bias in Opinion Summarisation2696

Through the Perspective of Opinion Diver-2697

sity (Huang et al., 2023c)2698

• Unsupervised Summarization Re-2699

ranking (Ravaut et al., 2023)2700

• Improving Dutch Vaccine Hesitancy Monitor-2701

ing via Multi-Label Data Augmentation with2702

GPT-3.5 (Van Nooten and Daelemans, 2023)2703

• What Makes a Good Counter-Stereotype?2704

Evaluating Strategies for Automated Re-2705

sponses to Stereotypical Text (Fraser et al.,2706

2023)2707

• What Makes Good Counterspeech? A Com-2708

parison of Generation Approaches and Evalu-2709

ation Metrics (Zheng et al., 2023c)2710

• DAMO-NLP at SemEval-2023 Task 2: A Uni-2711

fied Retrieval-augmented System for Multi-2712

lingual Named Entity Recognition (Tan et al.,2713

2023c)2714

• UMASS_BioNLP at MEDIQA-Chat 2023:2715

Can LLMs generate high-quality synthetic2716

note-oriented doctor-patient conversa-2717

tions? (Wang et al., 2023f)2718

• Frontier Review of Multimodal AI (Nan,2719

2023)2720

• Is ChatGPT a Highly Fluent Grammatical Er-2721

ror Correction System? A Comprehensive2722

Evaluation (Fang et al., 2023)2723

• DialogStudio: Towards Richest and Most Di-2724

verse Unified Dataset Collection for Conver-2725

sational AI (Zhang et al., 2023c)2726

B Detailed List of ChatGPT Data Leak2727

We show which datasets have been leaked to Chat-2728

GPT in Tables 4 and 5.2729
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