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Abstract

Modern neural network libraries all take as a001
hyperparameter a random seed, typically used002
to determine the initial state of the model pa-003
rameters. This opinion piece argues that there004
are some safe uses for random seeds: as part005
of the hyperparameter search to select a good006
model, creating an ensemble of several mod-007
els, or measuring the sensitivity of the training008
algorithm to the random seed hyperparameter.009
It argues that some uses for random seeds are010
risky: using a fixed random seed for “repli-011
cability” and varying only the random seed012
to create score distributions for performance013
comparison. An analysis of 85 recent publica-014
tions from the ACL Anthology finds that more015
than 50% contain risky uses of random seeds.016

1 Introduction017

Modern neural network libraries all take as a hyper-018

parameter a random seed, a number that is used to019

initialize a pseudorandom number generator. That020

generator is typically used to determine the initial021

state of model parameters, but may also affect op-022

timization in other ways, such as selecting which023

units to mask under dropout, or selecting which in-024

stances of the training data go into each minibatch025

during gradient descent. Like any hyperparameter,026

neural network random seeds can have a large or027

small impact on model performance depending on028

the specifics of the architecture and the data. Thus,029

it is important to optimize the random seed hyper-030

parameter as we would any other hyperparameter,031

such as learning rate or regularization strength.032

Such tuning is especially important with the pre-033

trained transformer architectures currently popular034

in NLP (BERT, Devlin et al., 2019; RoBERTa Liu035

et al., 2019; etc.), which are quite sensitive to their036

random seeds (Risch and Krestel, 2020; Dodge037

et al., 2020; Mosbach et al., 2021). Several solu-038

tions to this problem have been proposed, including039

specific optimizer setups (Mosbach et al., 2021),040

ensemble methods (Risch and Krestel, 2020), and 041

explicitly tuning the random seed like other hyper- 042

parameters (Dodge et al., 2020). 043

The NLP community thus has some awareness 044

of the problems that random seeds present, but it 045

is inconsistent in its approaches to solving those 046

problems. The remainder of this opinion piece first 047

presents a taxonomy of different ways that neural 048

network random seeds are used in the NLP commu- 049

nity, explaining which uses are safe and which are 050

risky. It then reviews 85 articles published in the 051

ACL Anthology, categorizing their random seed 052

uses based on the taxonomy. This analysis finds 053

that more than 50% of the articles include risky 054

uses of random seeds, suggesting that the NLP 055

community still needs a broader discussion about 056

how we approach random seeds. 057

2 A taxonomy of random seed uses 058

This section highlights five common uses of neural 059

network random seeds in the NLP community, and 060

categorizes them as either safe or risky. 061

2.1 Safe use: Model selection 062

The random seed is a hyperparameter of a neu- 063

ral network architecture that determines where in 064

the model parameter space optimization should be- 065

gin. It may also affect optimization by determining 066

the order of minibatches in gradient descent, or 067

through mechanisms like dropout’s random sam- 068

pling of unit activations. As the random seed is 069

a hyperparameter, it can and should be optimized 070

just as other hyperparameters are. Unlike some 071

other hyperparameters, there is no intuitive expla- 072

nation of why one random seed would be better or 073

worse than another, so the typical strategy is to try a 074

number of randomly selected seeds. For example: 075

Instead, we compensate for the inher- 076

ent randomness of the network by train- 077

ing multiple models with randomized ini- 078

tializations and use as the final model 079
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the one which achieved the best perfor-080

mance on the validation set. . . (Björne081

and Salakoski, 2018)082

The test results are derived from the 1-083

best random seed on the validation set.084

(Kuncoro et al., 2020)085

2.2 Safe use: Ensemble creation086

Ensemble methods are an effective way of com-087

bining multiple machine-learning models to make088

better predictions (Rokach, 2010). A common ap-089

proach to creating neural network ensembles is to090

train the same architecture with different random091

seeds, and have the resulting models vote (Perrone092

and Cooper, 1995). For example:093

In order to improve the stability of the094

RNNs, we ensemble five distinct models,095

each initialized with a different random096

seed. (Nicolai et al., 2017)097

Our model is composed of the ensemble098

of 8 single models. The hyperparameters099

and the training procedure used in each100

single model are the same except the ran-101

dom seed. (Yang and Wang, 2019)102

2.3 Safe use: Sensitivity analysis103

Sometimes it is useful to demonstrate how sensitive104

a neural network architecture is to a particular hy-105

perparameter. For example, Santurkar et al. (2018)106

shows that batch normalization makes neural net-107

work architectures less sensitive to the learning rate108

hyperparameter. Similarly, it may be useful to show109

how sensitive neural network architectures are to110

their random seed hyperparameter. For example:111

We next (§3.3) examine the expected vari-112

ance in attention-produced weights by113

initializing multiple training sequences114

with different random seeds. . . (Wiegr-115

effe and Pinter, 2019)116

Our model shows a lower standard de-117

viation on each task, which means our118

model is less sensitive to random seeds119

than other models. (Hua et al., 2021)120

2.4 Risky use: Single fixed seed121

NLP articles sometimes pick a single fixed random122

seed, claiming that this is done to improve consis-123

tency or replicability. For example:124

An arbitrary but fixed random seed was 125

used for each run to ensure reproducibil- 126

ity. . . (Le and Fokkens, 2018) 127

For consistency, we used the same set 128

of hyperparameters and a fixed random 129

seed across all experiments. (Lin et al., 130

2020) 131

Why is this risky? First, fixing the random seed 132

does not guarantee replicability. For example, the 133

tensorflow library has a history of producing differ- 134

ent results given the same random seeds, especially 135

on GPUs (Two Sigma, 2017; Kanwar et al., 2021). 136

Second, not optimizing the random seed hyperpa- 137

rameter has the same drawbacks as not optimizing 138

any other hyperparameter: performance will be an 139

underestimate of the performance the architecture 140

is capable of with an optimized model. 141

What should one do instead? The random seed 142

should be optimized as any other hyperparameter. 143

Dodge et al. (2020), for example, show that doing 144

so leads to simpler models exceeding the published 145

results of more complex state-of-the-art models on 146

multiple GLUE tasks (Wang et al., 2018). The 147

space of hyperparameters explored (and thus the 148

number of random seeds explored) can be restricted 149

to match the availability of compute resources with 150

techniques such as random hyperparameter search 151

(Bergstra and Bengio, 2012) where n hyperparame- 152

ter settings are sampled from the space of all hyper- 153

parameter settings (with random seeds treated the 154

same as all other hyperparameters). In an extremely 155

resource-limited scenario, random search might se- 156

lect only a single value of some hyperparameter 157

(such as random seed), which might be acceptable 158

given the constraints, but should probably be ac- 159

companied by an explicit acknowledgement of the 160

risks of underestimating performance. 161

2.5 Risky use: Performance comparison 162

It is a good idea to compare not just the point esti- 163

mate of a single model’s performance, but distribu- 164

tions of model performance, as comparing perfor- 165

mance distributions results in more reliable conclu- 166

sions (Reimers and Gurevych, 2017; Dodge et al., 167

2019; Radosavovic et al., 2020). However, it has 168

sometimes been suggested that such distributions 169

can be obtained by training the same architecture 170

and varying only the random seed. For example: 171

We re-ran both implementations multi- 172

ple times, each time only changing the 173
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seed value of the random number gener-174

ator. . . we observe a statistically signif-175

icant difference between these two dis-176

tributions. . . (Reimers and Gurevych,177

2017)178

Indeed, the best approach is to stop re-179

porting single-value results, and instead180

report the distribution of results from181

a range of seeds. Doing so allows for182

a fairer comparison across models. . .183

(Crane, 2018)184

(Note the difference between sections 2.3 and 2.5:185

sensitivity analysis describes only how sensitive186

the model is to the random seed; performance com-187

parision makes claims about whether one model is188

better than another.)189

Why is this risky? If the goal is to compare the190

best possible model trainable from one architecture191

to the best possible model trainable from another192

architecture, as in the case of leaderboard compar-193

isons, then varying random seeds is generating a194

bunch of suboptimal models for that comparison.195

If the goal is to compare the family of models that196

result from training one architecture to the family197

of models that result from training another archi-198

tecture, then varying only the random seed is gen-199

erating a small biased slice of the family, since the200

family consists of the model variations across all201

hyperparameter settings, not just random seeds.202

What should one do instead? If the goal is to203

compare the best possible models trainable from204

different architectures, then the random seed needs205

to be optimized just as we would for any other hy-206

perparameter. It’s still a good idea to compare dis-207

tributions, rather than point estimates, so standard208

statistical techniques can be applied. For example,209

bootstrap samples may be drawn from the test set,210

and evaluating a model on each of those samples211

will give a distribution over the model’s expected212

performance (Dror et al., 2018). Comparing these213

distributions will give a statistically sound estimate214

of whether the best model found for one neural215

network architecture outperforms the best model216

found for another. If the goal is instead to compare217

families of models, then it makes sense to train218

many versions of the same architecture, but they219

should be sampled to vary across all hyperparam-220

eters, not just the random seed hyperparameter1.221

1Occasionally, the random seed might be the only hyperpa-
rameter, e.g., an extreme black box machine-learning scenario

Comparing these distributions will give a statisti- 222

cally sound estimate of whether one architecture 223

(and not just the best-optimized instance of that 224

architecture) is better than another. 225

3 Random seed uses in ACL 226

Having introduced both safe and risky uses of neu- 227

ral network random seeds, we now turn to the cur- 228

rent state of NLP with respect to such seeds. The 229

following analysis is illustrative, not exhaustive, 230

providing a conservative estimate of the prevalence 231

of the problem. 232

On 29 Jun 2021, I searched the ACL Anthol- 233

ogy for articles containing the phrases “random 234

seed” and “neural network”2. The ACL Anthology 235

search interface returns a maximum of 10 pages 236

of results, with 10 results per page, so I collected 237

all 100 search results. Non-articles (entire proceed- 238

ings, author pages, supplementary material) were 239

excluded, as were articles where the random seeds 240

were not used to initialize a neural network (e.g., 241

only for dataset selection). The result was 85 arti- 242

cles, from publications between 2015 and 2021. 243

I read each of the articles and categorized its 244

use of random seeds into one of the five purposes 245

introduced in section 2. While it is conceptually 246

possible for an article to fall into more than one 247

category (e.g., having both ensembles and sensi- 248

tivity analysis) the vast majority of articles I read 249

fell into a single category, typically with just a sin- 250

gle sentence where random seed was used. For 251

the tiny fraction of articles where more than one 252

category applied, since my goal only was to get a 253

rough distribution of random seed use, I selected a 254

“primary” category arbitrarily from the categories 255

present. The supplementary material for this ar- 256

ticle includes a spreadsheet detailing each article 257

reviewed, its category of random seed use, and a 258

snippet of English text from the article justifying 259

my assignment of that category. 260

Table 1 shows the distribution of articles across 261

the different random seed purposes. More than half 262

of the articles (48) include a risky use of random 263

seeds, with 24 using a single fixed seed and 24 264

using only random seeds to generate distributions 265

for performance comparisons. This suggests that 266

where the only way to get model variants is to vary the order
in which training data instances are fed to the model. In such
cases, it would be acceptable to vary only the random seed.

2https://www.aclweb.org/anthology/
search/?q=%22random+seed%22+%22neural+
network%22
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Figure 1: Uses of neural network random seeds by year for 85 ACL Anthology articles.

Type Purpose Count

Safe Model selection 12
Safe Ensemble creation 13
Safe Sensitivity analysis 12

Safe sub-total 37

Risky Fixed seed 24
Risky Performance comparison 24

Risky sub-total 48

Table 1: Uses of neural network random seeds for 85
ACL Anthology articles.

NLP researchers are often using neural network267

random seeds without the necessary care.268

One might wonder if the NLP community is269

getting better over time, that is, if risky uses are270

on the decline as NLP researchers become more271

familiar with neural networks research. Figure 1272

shows that this was not the case: though the volume273

of articles that matched the query varies from year274

to year, for most years the number of risky uses275

of random seeds is similar to the number of safe276

uses. This suggests that NLP researchers continue277

to have trouble distinguishing safe from risky uses278

of neural network random seeds.279

4 Discussion280

We have seen that risky uses of neural network ran-281

dom seeds – using only a fixed seed or generating282

performance distributions for model comparisons283

by varying only random seeds – are still widespread284

within the NLP community. The analysis in sec-285

tion 3 is a conservative estimate of the problem.286

The query used in the analysis matched articles287

only if they had the explicit phrases “neural net-288

work” and “random seed” both within the article.289

That means the search did not return articles on290

neural networks where no “random seed” was men- 291

tioned, yet in such cases it is likely that a single 292

fixed seed was used. Therefore the proportion of 293

fixed seed papers in our sample is likely an under- 294

estimate of the proportion in the true population3. 295

How do we move the NLP community away 296

from risky uses of neural network random seeds? 297

Hopefully, this article can help to start the neces- 298

sary conversations, but clearly it is not an endpoint 299

in and of itself. Part of the responsibility must 300

fall on mentors in the NLP community, such as 301

university faculty and industry research leads, to 302

ensure that they are training their mentees about 303

these topics. Part of the responsibility will fall on 304

reviewers of NLP articles, who can identify mis- 305

uses of neural network random seeds and flag them 306

for revision. And of course part of the responsibil- 307

ity falls on NLP authors themselves to make sure 308

they understand the nuances of neural network hy- 309

perparameters like random seeds and the ways in 310

which they should and should not be used. 311

5 Conclusion 312

This opinion piece has introduced a simple taxon- 313

omy of common uses for neural network random 314

seeds in the NLP literature, describing three safe 315

uses (model selection, ensemble creation, and sen- 316

sitivity analysis) and two risky uses (single fixed 317

seed and varying only the random seed to gener- 318

ate distributions for performance comparison). An 319

analysis of 85 articles from the ACL Anthology 320

showed that more than half of these NLP articles 321

include risky uses of neural network random seeds. 322

Hopefully, highlighting this issue can help the NLP 323

community to improve our mentorship and training 324

and move away from risky uses of neural network 325

random seeds in the future. 326

3This query also can’t address another interesting issue
that is out of scope for the current article: quantifying how
many articles don’t optimize any hyperparameters at all.

4



References327

James Bergstra and Yoshua Bengio. 2012. Random328
search for hyper-parameter optimization. Journal of329
machine learning research, 13(2).330

Jari Björne and Tapio Salakoski. 2018. Biomedi-331
cal event extraction using convolutional neural net-332
works and dependency parsing. In Proceedings of333
the BioNLP 2018 workshop, pages 98–108, Mel-334
bourne, Australia. Association for Computational335
Linguistics.336

Matt Crane. 2018. Questionable answers in question337
answering research: Reproducibility and variability338
of published results. Transactions of the Association339
for Computational Linguistics, 6:241–252.340

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and341
Kristina Toutanova. 2019. BERT: Pre-training of342
deep bidirectional transformers for language under-343
standing. In Proceedings of the 2019 Conference344
of the North American Chapter of the Association345
for Computational Linguistics: Human Language346
Technologies, Volume 1 (Long and Short Papers),347
pages 4171–4186, Minneapolis, Minnesota. Associ-348
ation for Computational Linguistics.349

Jesse Dodge, Suchin Gururangan, Dallas Card, Roy350
Schwartz, and Noah A. Smith. 2019. Show your351
work: Improved reporting of experimental results.352
In Proceedings of the 2019 Conference on Empirical353
Methods in Natural Language Processing and the354
9th International Joint Conference on Natural Lan-355
guage Processing (EMNLP-IJCNLP), pages 2185–356
2194, Hong Kong, China. Association for Computa-357
tional Linguistics.358

Jesse Dodge, Gabriel Ilharco, Roy Schwartz, Ali359
Farhadi, Hannaneh Hajishirzi, and Noah A. Smith.360
2020. Fine-tuning pretrained language models:361
Weight initializations, data orders, and early stop-362
ping. CoRR, abs/2002.06305.363

Rotem Dror, Gili Baumer, Segev Shlomov, and Roi Re-364
ichart. 2018. The hitchhiker’s guide to testing statis-365
tical significance in natural language processing. In366
Proceedings of the 56th Annual Meeting of the As-367
sociation for Computational Linguistics (Volume 1:368
Long Papers), pages 1383–1392, Melbourne, Aus-369
tralia. Association for Computational Linguistics.370

Hang Hua, Xingjian Li, Dejing Dou, Chengzhong Xu,371
and Jiebo Luo. 2021. Noise stability regularization372
for improving BERT fine-tuning. In Proceedings of373
the 2021 Conference of the North American Chap-374
ter of the Association for Computational Linguistics:375
Human Language Technologies, pages 3229–3241,376
Online. Association for Computational Linguistics.377

Pankaj Kanwar, Reed Wanderman-Milne, and Duncan378
Riach. 2021. RFC: Random numbers in Tensor-379
Flow 2.0 by wangpengmit - pull request #38 - ten-380
sorflow/community.381

Adhiguna Kuncoro, Lingpeng Kong, Daniel Fried, 382
Dani Yogatama, Laura Rimell, Chris Dyer, and Phil 383
Blunsom. 2020. Syntactic structure distillation pre- 384
training for bidirectional encoders. Transactions 385
of the Association for Computational Linguistics, 386
8:776–794. 387

Minh Le and Antske Fokkens. 2018. Neural models of 388
selectional preferences for implicit semantic role la- 389
beling. In Proceedings of the Eleventh International 390
Conference on Language Resources and Evaluation 391
(LREC 2018), Miyazaki, Japan. European Language 392
Resources Association (ELRA). 393

Yan-Jie Lin, Hong-Jie Dai, You-Chen Zhang, Chung- 394
Yang Wu, Yu-Cheng Chang, Pin-Jou Lu, Chih-Jen 395
Huang, Yu-Tsang Wang, Hui-Min Hsieh, Kun-San 396
Chao, Tsang-Wu Liu, I-Shou Chang, Yi-Hsin Con- 397
nie Yang, Ti-Hao Wang, Ko-Jiunn Liu, Li-Tzong 398
Chen, and Sheau-Fang Yang. 2020. Cancer registry 399
information extraction via transfer learning. In Pro- 400
ceedings of the 3rd Clinical Natural Language Pro- 401
cessing Workshop, pages 201–208, Online. Associa- 402
tion for Computational Linguistics. 403

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man- 404
dar Joshi, Danqi Chen, Omer Levy, Mike Lewis, 405
Luke Zettlemoyer, and Veselin Stoyanov. 2019. 406
Roberta: A robustly optimized bert pretraining ap- 407
proach. 408

Marius Mosbach, Maksym Andriushchenko, and Diet- 409
rich Klakow. 2021. On the stability of fine-tuning 410
BERT: Misconceptions, explanations, and strong 411
baselines. In International Conference on Learning 412
Representations. 413

Garrett Nicolai, Bradley Hauer, Mohammad Motallebi, 414
Saeed Najafi, and Grzegorz Kondrak. 2017. If you 415
can’t beat them, join them: the University of Al- 416
berta system description. In Proceedings of the 417
CoNLL SIGMORPHON 2017 Shared Task: Univer- 418
sal Morphological Reinflection, pages 79–84, Van- 419
couver. Association for Computational Linguistics. 420

Michael P. Perrone and Leon N. Cooper. 1995. When 421
networks disagree: Ensemble methods for hybrid 422
neural networks, pages 342–358. World Scientific. 423

Ilija Radosavovic, Raj Prateek Kosaraju, Ross Gir- 424
shick, Kaiming He, and Piotr Dollár. 2020. Design- 425
ing network design spaces. In Proceedings of the 426
IEEE/CVF Conference on Computer Vision and Pat- 427
tern Recognition, pages 10428–10436. 428

Nils Reimers and Iryna Gurevych. 2017. Reporting 429
score distributions makes a difference: Performance 430
study of LSTM-networks for sequence tagging. In 431
Proceedings of the 2017 Conference on Empirical 432
Methods in Natural Language Processing, pages 433
338–348, Copenhagen, Denmark. Association for 434
Computational Linguistics. 435

Julian Risch and Ralf Krestel. 2020. Bagging BERT 436
models for robust aggression identification. In Pro- 437
ceedings of the Second Workshop on Trolling, Ag- 438
gression and Cyberbullying, pages 55–61, Marseille, 439

5

https://doi.org/10.18653/v1/W18-2311
https://doi.org/10.18653/v1/W18-2311
https://doi.org/10.18653/v1/W18-2311
https://doi.org/10.18653/v1/W18-2311
https://doi.org/10.18653/v1/W18-2311
https://doi.org/10.1162/tacl_a_00018
https://doi.org/10.1162/tacl_a_00018
https://doi.org/10.1162/tacl_a_00018
https://doi.org/10.1162/tacl_a_00018
https://doi.org/10.1162/tacl_a_00018
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/N19-1423
https://doi.org/10.18653/v1/D19-1224
https://doi.org/10.18653/v1/D19-1224
https://doi.org/10.18653/v1/D19-1224
https://arxiv.org/abs/2002.06305
https://arxiv.org/abs/2002.06305
https://arxiv.org/abs/2002.06305
https://arxiv.org/abs/2002.06305
https://arxiv.org/abs/2002.06305
https://doi.org/10.18653/v1/P18-1128
https://doi.org/10.18653/v1/P18-1128
https://doi.org/10.18653/v1/P18-1128
https://doi.org/10.18653/v1/2021.naacl-main.258
https://doi.org/10.18653/v1/2021.naacl-main.258
https://doi.org/10.18653/v1/2021.naacl-main.258
https://github.com/tensorflow/community/pull/38
https://github.com/tensorflow/community/pull/38
https://github.com/tensorflow/community/pull/38
https://github.com/tensorflow/community/pull/38
https://github.com/tensorflow/community/pull/38
https://doi.org/10.1162/tacl_a_00345
https://doi.org/10.1162/tacl_a_00345
https://doi.org/10.1162/tacl_a_00345
https://www.aclweb.org/anthology/L18-1484
https://www.aclweb.org/anthology/L18-1484
https://www.aclweb.org/anthology/L18-1484
https://www.aclweb.org/anthology/L18-1484
https://www.aclweb.org/anthology/L18-1484
https://doi.org/10.18653/v1/2020.clinicalnlp-1.22
https://doi.org/10.18653/v1/2020.clinicalnlp-1.22
https://doi.org/10.18653/v1/2020.clinicalnlp-1.22
http://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
http://arxiv.org/abs/1907.11692
https://openreview.net/forum?id=nzpLWnVAyah
https://openreview.net/forum?id=nzpLWnVAyah
https://openreview.net/forum?id=nzpLWnVAyah
https://openreview.net/forum?id=nzpLWnVAyah
https://openreview.net/forum?id=nzpLWnVAyah
https://doi.org/10.18653/v1/K17-2008
https://doi.org/10.18653/v1/K17-2008
https://doi.org/10.18653/v1/K17-2008
https://doi.org/10.18653/v1/K17-2008
https://doi.org/10.18653/v1/K17-2008
https://doi.org/10.1142/9789812795885_0025
https://doi.org/10.1142/9789812795885_0025
https://doi.org/10.1142/9789812795885_0025
https://doi.org/10.1142/9789812795885_0025
https://doi.org/10.1142/9789812795885_0025
https://doi.org/10.18653/v1/D17-1035
https://doi.org/10.18653/v1/D17-1035
https://doi.org/10.18653/v1/D17-1035
https://doi.org/10.18653/v1/D17-1035
https://doi.org/10.18653/v1/D17-1035
https://www.aclweb.org/anthology/2020.trac-1.9
https://www.aclweb.org/anthology/2020.trac-1.9
https://www.aclweb.org/anthology/2020.trac-1.9


France. European Language Resources Association440
(ELRA).441

Lior Rokach. 2010. Ensemble-based classifiers. Artifi-442
cial Intelligence Review, 33(1):1–39.443

Shibani Santurkar, Dimitris Tsipras, Andrew Ilyas, and444
Aleksander Madry. 2018. How does batch normal-445
ization help optimization? In Advances in Neural446
Information Processing Systems, volume 31. Curran447
Associates, Inc.448

Two Sigma. 2017. A workaround for non-determinism449
in TensorFlow.450

Alex Wang, Amanpreet Singh, Julian Michael, Fe-451
lix Hill, Omer Levy, and Samuel Bowman. 2018.452
GLUE: A multi-task benchmark and analysis plat-453
form for natural language understanding. In Pro-454
ceedings of the 2018 EMNLP Workshop Black-455
boxNLP: Analyzing and Interpreting Neural Net-456
works for NLP, pages 353–355, Brussels, Belgium.457
Association for Computational Linguistics.458

Sarah Wiegreffe and Yuval Pinter. 2019. Attention is459
not not explanation. In Proceedings of the 2019 Con-460
ference on Empirical Methods in Natural Language461
Processing and the 9th International Joint Confer-462
ence on Natural Language Processing (EMNLP-463
IJCNLP), pages 11–20, Hong Kong, China. Associ-464
ation for Computational Linguistics.465

Liner Yang and Chencheng Wang. 2019. The BLCU466
system in the BEA 2019 shared task. In Proceedings467
of the Fourteenth Workshop on Innovative Use of468
NLP for Building Educational Applications, pages469
197–206, Florence, Italy. Association for Computa-470
tional Linguistics.471

6

https://doi.org/10.1007/s10462-009-9124-7
https://proceedings.neurips.cc/paper/2018/file/905056c1ac1dad141560467e0a99e1cf-Paper.pdf
https://proceedings.neurips.cc/paper/2018/file/905056c1ac1dad141560467e0a99e1cf-Paper.pdf
https://proceedings.neurips.cc/paper/2018/file/905056c1ac1dad141560467e0a99e1cf-Paper.pdf
https://www.twosigma.com/articles/a-workaround-for-non-determinism-in-tensorflow/
https://www.twosigma.com/articles/a-workaround-for-non-determinism-in-tensorflow/
https://www.twosigma.com/articles/a-workaround-for-non-determinism-in-tensorflow/
https://doi.org/10.18653/v1/W18-5446
https://doi.org/10.18653/v1/W18-5446
https://doi.org/10.18653/v1/W18-5446
https://doi.org/10.18653/v1/D19-1002
https://doi.org/10.18653/v1/D19-1002
https://doi.org/10.18653/v1/D19-1002
https://doi.org/10.18653/v1/W19-4421
https://doi.org/10.18653/v1/W19-4421
https://doi.org/10.18653/v1/W19-4421

