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Abstract
Multiple choice reading comprehension001
(MCRC) exams are a standard way of002
assessing candidates for a wide range of003
language examinations. Despite the ubiquity004
of these exams, it is difficult to make good005
questions where: 1) all distractor options006
remain feasible when only given the question;007
and 2) there is only one clear solution when008
both the context passage and question are009
given. This work examines some standard010
MCRC datasets with these attributes in mind.011
We show that even when no contextual passage012
information is available, deep learning systems013
can achieve surprisingly high accuracy. This014
performance is shown to be a result of the015
choice of distractors, as for some questions016
the system can use "general knowledge" (from017
pre-trained models) to answer the question.018
Furthermore, this work proposes simple019
metrics that can flag questions where answers020
can be eliminated without context, as well021
as highlighting questions where significant022
information is extracted from the context.023
These metrics could aid test designers to024
develop and refine MCRC exam questions that025
better assess reading comprehension abilities.026

1 Introduction027

Reading comprehension (RC) exams have become028

a ubiquitous assessment method to probe how well029

candidates can read a passage and understand the030

text’s core meaning. They have been used exten-031

sively in university entrance exams, for selection of032

graduate programs, and in a wide range of language033

competency examinations (Alderson, 2000). A fun-034

damental assumption of RC exams is that to answer035

any of the questions correctly, one has to read the036

passage, comprehend its meaning, and identify the037

relevant information of a given question. This work,038

however, shows that this assumption may not al-039

ways hold and that for several standard RC exams,040

Figure 1: Output probabilities of our model (trained
with contexts omitted) on real RACE++ (Liang et al.,
2019) examples.

it is possible to perform well without doing any 041

comprehension at all. 042

In particular, for several standard multiple- 043

choice machine reading comprehension (MCMRC) 044

datasets (Liang et al., 2019; Huang et al., 2019; Yu 045

et al., 2020), we show that many questions can be 046

answered accurately and confidently without hav- 047

ing any access to the contextual passage. Hence, in 048

many cases, it is possible to infer the answer using 049

the question and options alone. Further analysis 050

shows that this is at least partly due to the presence 051

of low-quality distractors, i.e. options that can be 052

eliminated using only the question. As an example, 053

given the question “Mina’s sister’s name is:", one 054

can eliminate any options that use a traditionally 055

male name (see Figure 1). This highlights a po- 056

tential ‘shortcut’ that candidates can use for RC 057

exams, where they may be able to answer ques- 058

tions while bypassing the context. Our work raises 059

awareness to this subtle flaw, and demonstrates that 060

systems with degenerate inputs can achieve remark- 061

able performance for standard MCMRC datasets. 062

Further, we propose a simple solution to catch ques- 063

tions that can be answered without comprehension, 064

which could be a useful tool for future multiple- 065

choice RC test designers to ensure that all questions 066

truly assess reading comprehension ability. 067

Machine reading comprehension (MRC) is a 068

highly researched area, with state-of-the-art (SoTA) 069
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Figure 2: Model architecture.

systems (Trischler et al., 2016; Dhingra et al., 2017;070

Zhang et al., 2021; Yamada et al., 2020; Zaheer071

et al., 2020; Wang et al., 2022) often approach-072

ing or even exceeding human level performance073

on public benchmarking leaderboards (Chen et al.,074

2016; Sun et al., 2019; Richardson et al., 2013;075

Clark et al., 2018; Lai et al., 2017; Trischler et al.,076

2017; Yang et al., 2018). Existing work has anal-077

ysed the robustness of MRC systems: Sugawara078

et al. (2020) show that for SQuAD (Rajpurkar et al.,079

2016), systems without questions can be trained to080

select answer spans better than random. Kaushik081

and Lipton (2018) demonstrate that systems with082

degenerate inputs (i.e. using questions or passage083

only) can achieve reasonable RC performance. Jia084

and Liang (2017) demonstrate that for RC tasks,085

adding adversarial sentences to the end of contexts086

can cause systems to fail, while Si et al. (2019) pro-087

vide evidence that MCMRC systems don’t consider088

grammar, nor use the whole context, but instead089

overly focus on particular words. There is also a090

further larger body of work looking at ‘shortcuts’091

(Geirhos et al., 2020) in natural language process-092

ing, where works have analysed system reliance on093

spurious correlations (Poliak et al., 2018).094

Unlike most existing work, the focus of this pa-095

per is not in analysing model robustness. Though096

we do find the surprising result that systems can097

achieve high MCMRC performance using degen-098

erate inputs, our work uses these shortcut systems099

for analysis of distractor options which provides100

insight into the quality of a question. The 4 main101

contributions of this work are: 1) we are the first102

investigate whether comprehension is required to103

answer all questions in MCRC, and highlight this104

weakness in popular MCMRC datasets. 2) we show105

that various ‘shortcut’ systems can achieve surpris-106

ingly high performance, and reason that this must107

be due to poor distractor options. 3) We propose a108

simple and effective detection technique that can109

flag low-quality multiple-choice questions - ques-110

tions that can be answered without considering the111

context. 4) We provide analysis that looks at the 112

importance of context for MCMRC systems, which 113

further helps in identifying high-quality questions. 114

2 Multiple choice reading comprehension 115

Multiple-choice reading comprehension is a com- 116

mon task where given a context passage C and 117

question Q, the correct answer must be deduced 118

from a set of answer options {O}. Current SoTA 119

MRC systems are dominated by pre-trained lan- 120

guage models (PrLMs) based on the transformer en- 121

coder architecture (Devlin et al., 2019; Yang et al., 122

2019; Liu et al., 2019; Lan et al., 2020; Clark et al., 123

2020). For MCMRC, systems based on ELECTRA 124

(Clark et al., 2020) typically perform amongst the 125

best against comparably sized models (Raina and 126

Gales, 2022), with the standard MCMRC architec- 127

ture of Figure 2 (Yu et al., 2020; Raina and Gales, 128

2022). Each option is individually encoded along 129

with the question and the context into a score, and 130

a softmax layer converts the 4 options scores into a 131

probability distribution. At inference, the predicted 132

answer is the option with the greatest probability. 133

A requirement for good MCRC questions is that 134

information from both the question and the con- 135

text passage must be used to determine the correct 136

answer. If the answer can be deduced without the 137

context, then this implies that comprehension is 138

not required. To probe whether this is an issue for 139

MCMRC, we propose to train various systems that 140

use degenerate inputs. In particular, three ‘shortcut’ 141

systems are considered: a system that uses only the 142

options, a system that uses only the question and 143

options, and a system that uses only the options 144

and the context. The standard set-up (of Section 2) 145

is still followed, however each system has altered 146

inputs, as shown in Figure 3. 147

Consider the output probability distribution of 148

the predicted answer, P(y). One can measure the 149

entropy of the distribution, H(Y ), which can be 150

converted into the more interpretable effective num- 151

ber of options, N (Y ), a value bounded between 1 152
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Figure 3: System inputs for shortcut systems.

and the maximum number of options:153

N (Y ) = 2H(Y ), H(Y ) = −
∑
y∈Y

P(y) log2 P(y) (1)154

For well designed questions, one would expect sys-155

tems with missing information (i.e. the ‘shortcut’156

models) to have no information of what the answer157

is. This would correspond to a uniform distribution158

output (the distribution of maximum entropy), with159

an effective number of options equal to the total160

number of answer options. However, if the effec-161

tive number of options is significantly lower than162

the total number of answer options, then this im-163

plies that the model can somewhat infer the answer164

without comprehension. To probe how much infor-165

mation is gained by the context, one can addition-166

ally look at the mutual information of the context.167

This looks at how much the entropy decreases be-168

tween the shortcut system and the baseline system169

which uses the context.170

I(Y ;C|Q, {O}) = H(Y |Q, {O})−H(Y |Q, {O}, C) (2)171

3 Experiments172

3.1 Setup173

M H C All

TRN
# Q 25,241 62,445 12,702 100,388
# C 6,409 18,728 2,437 27,574

DEV
# Q 1,436 3,451 712 5,599
# C 368 1,021 136 1,525

EVL
# Q 1,436 3,498 708 5,642
# C 362 1,045 135 1,542

Table 1: RACE++ data statistics.

RACE++ (ReAding Comprehension dataset174

from Examinations) (Lai et al., 2017; Liang et al.,175

2019) is a MCRC dataset of English comprehen-176

sion questions for Chinese high school students.177

The questions assess student’s understanding and178

reasoning abilities, with each question having 4179

possible options, one of which is correct based on180

the passage. The questions are divided into three181

subsets: RACE-M, RACE-H, and RACE-C which182

are at a middle school, high school and college183

level respectively. Table 1 outlines the number of 184

questions and contexts in each split. 185

For the experiments in this work1, the baseline 186

ELECTRA model2 is trained on TRN, tuned on 187

DEV and evaluated on EVL. Additional models 188

are then trained and evaluated using the defective 189

inputs shown in Figure 3. The results in the pa- 190

per focus on RACE++, but all experiments are 191

repeated for ReClor (Yu et al., 2020) and COS- 192

MOSQA (Huang et al., 2019) with very similar 193

findings (see Appendix B). Hyperparameter details 194

are given in C.1. Accuracy is used as the default 195

metric when reporting all performances. 196

3.2 Results 197

Training data M H C All

– 25.00 25.00 25.00 25.00

{O} 40.95 42.14 41.53 41.76
Q+{O} 54.81 57.75 60.31 57.32
{O}+C 66.85 69.15 66.24 68.20

Q+{O}+C 88.09 84.42 81.64 85.01

Table 2: Accuracy on EVL.

Here we compare the performance of the base- 198

line MCMRC system against the shortcut systems. 199

Table 2 shows the baseline (Q+{O}+C) achieves 200

a high accuracy of 85.01% on EVL. Note that the 201

system does worse on harder questions, with a 7% 202

drop in accuracy on college level compared to the 203

middle school level questions. 204

Alarmingly, Table 2 shows that the shortcut mod- 205

els can achieve high accuracy, significantly out- 206

performing a random system despite missing vital 207

information. In particular, a system trained using 208

only the options ({O}) achieves a surprising accu- 209

racy of 41.76%, despite not knowing the question 210

nor the context. Additionally, systems without ac- 211

cess to the context (Q+{O}) achieve a respectable 212

57.32%, highlighting that it is possible for a system 213

(and hence potentially candidates) to achieve rea- 214

sonable performance without performing any com- 215

prehension. Systems with no access to questions 216

({O}+C) achieve an accuracy of 68.20%, which al- 217

though high, is less worrying since it is reasonable 218

to expect that some options can be eliminated using 219

context information. The following results will fo- 220

cus on the system where the context is not available 221

(Q+{O}), hereon referred to as the shortcut system. 222

1Code will be made available after anonymity period.
2ELECTRA-large from https://huggingface.

co/docs/transformers/model_doc/electra
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Figure 4: Distribution of effective number of options
and corresponding (binned) accuracy.

Figure 4 presents the total counts and accuracy223

(with bin width of 0.2) in terms of the effective224

number of options (see Equation 1) for both the225

baseline and shortcut systems. Since the systems226

are slightly overconfident3 the systems’ output227

probabilities are calibrated using temperature an-228

nealing (Guo et al., 2017) (see Appendix C.2). The229

solid lines show counts per bin: the baseline sys-230

tem has high certainty for most points, whereas the231

shortcut model answers some questions confidently232

and others no more confident than a random guess.233

There is a strong correlation between accuracy and234

certainty, where the effective number of options235

is highly indicative of bin accuracy, showing that236

the entropy is a very good measure of actual model237

uncertainty. It is surprising that the shortcut system,238

without any contextual information, has a signifi-239

cant number of examples in the low entropy region.240

This shows clearly that for a subset of the questions,241

the system can confidently reason the answer using242

only the question and options, due to the presence243

of disastrous distractors - options that are easy to244

eliminate using the question alone (see Figure 1).245

However, this also naturally sheds light on a pos-246

sible solution, as the shortcut system can be used247

as a tool to filter out questions which don’t require248

context; questions that have low shortcut entropy4.249

To further look at the influence of context, the250

mutual information (MI) between prediction and251

context was approximated for each example using252

Equation 2. Points with a high MI are questions253

where the model is certain of the answer with con-254

3For both models, the mean of the maximum probability
is 5% above the overall accuracy.

4The authors carried out an informal evaluation to support
this statement. They independently answered without context
the 100 lowest and 100 highest entropy examples, achieving
an average accuracy of 92% and 32% respectively. All 200
questions and responses are in the supplementary material.

Figure 5: Distribution of counts and corresponding ac-
curacy when points are sorted by MI approximation.

text, but is uncertain without context - a property 255

good questions should have. Figure 5 shows the 256

counts when all the examples are ordered by MI 257

(see Equation 2) along with both the baseline and 258

shortcut system accuracies. In particular, we note 259

that the count distribution has a mix of high and 260

low MI questions, which shows that the benefit of 261

context is not a system-wide property but instead 262

varies over questions. We also note that the accu- 263

racy of the baseline system increases considerably 264

when context is useful, while accuracy falls for the 265

shortcut system. It is interesting to note that a small 266

fraction of questions have a negative MI. Though 267

mutual information should always be positive, neg- 268

ative values can be observed since models are only 269

approximations of the true underlying distributions. 270

The low accuracy of the shortcut model on nega- 271

tive MI questions occurs when there is misplaced 272

overconfidence from prior knowledge which is con- 273

tradicted by information in the context. 274

4 Conclusions 275

This work finds that for popular MCMRC datasets, 276

it is possible to achieve high accuracy without per- 277

forming comprehension. In particular, without vital 278

question information, ‘shortcut’ systems can still 279

confidently determine the correct answer options 280

and achieve surprisingly high performance. This 281

suggests that answers can be determined without 282

context, and so we propose that these shortcut sys- 283

tems can be used to automatically flag low-quality 284

questions that don’t require comprehension. Us- 285

ing an approximation of the mutual information, 286

we also show that the importance of context varies 287

over the questions in the dataset, and reason that 288

high MI questions can be thought of as candidates 289

for high-quality questions that truly measure com- 290

prehension abilities. 291

4



References292

J. Charles. Alderson. 2000. Assessing Reading, 1 edi-293
tion. Cambridge University Press„ Cambridge :.294

Danqi Chen, Jason Bolton, and Christopher D. Manning.295
2016. A thorough examination of the CNN/Daily296
Mail reading comprehension task. In Proceedings297
of the 54th Annual Meeting of the Association for298
Computational Linguistics (Volume 1: Long Papers),299
pages 2358–2367, Berlin, Germany. Association for300
Computational Linguistics.301

Kevin Clark, Minh-Thang Luong, Quoc V. Le, and302
Christopher D. Manning. 2020. Electra: Pre-training303
text encoders as discriminators rather than generators.304
In International Conference on Learning Representa-305
tions.306

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot,307
Ashish Sabharwal, Carissa Schoenick, and Oyvind308
Tafjord. 2018. Think you have solved question an-309
swering? try arc, the ai2 reasoning challenge. ArXiv,310
abs/1803.05457.311

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and312
Kristina Toutanova. 2019. BERT: Pre-training of313
deep bidirectional transformers for language under-314
standing. In Proceedings of the 2019 Conference of315
the North American Chapter of the Association for316
Computational Linguistics: Human Language Tech-317
nologies, Volume 1 (Long and Short Papers), pages318
4171–4186, Minneapolis, Minnesota. Association for319
Computational Linguistics.320

Bhuwan Dhingra, Zhilin Yang, William W. Cohen, and321
Ruslan Salakhutdinov. 2017. Linguistic knowledge322
as memory for recurrent neural networks. ArXiv,323
abs/1703.02620.324

Robert Geirhos, Jörn-Henrik Jacobsen, Claudio325
Michaelis, Richard Zemel, Wieland Brendel,326
Matthias Bethge, and Felix A Wichmann. 2020.327
Shortcut learning in deep neural networks. Nature328
Machine Intelligence, 2(11):665–673.329

Chuan Guo, Geoff Pleiss, Yu Sun, and Kilian Q Wein-330
berger. 2017. On calibration of modern neural net-331
works. In International conference on machine learn-332
ing, pages 1321–1330. PMLR.333

Lifu Huang, Ronan Le Bras, Chandra Bhagavatula, and334
Yejin Choi. 2019. Cosmos qa: Machine reading com-335
prehension with contextual commonsense reasoning.336
In Proceedings of the 2019 Conference on Empirical337
Methods in Natural Language Processing and the 9th338
International Joint Conference on Natural Language339
Processing (EMNLP-IJCNLP), pages 2391–2401.340

Robin Jia and Percy Liang. 2017. Adversarial examples341
for evaluating reading comprehension systems. In342
EMNLP.343

Divyansh Kaushik and Zachary C Lipton. 2018. How344
much reading does reading comprehension require? a345

critical investigation of popular benchmarks. In Pro- 346
ceedings of the 2018 Conference on Empirical Meth- 347
ods in Natural Language Processing, pages 5010– 348
5015. 349

Guokun Lai, Qizhe Xie, Hanxiao Liu, Yiming Yang, 350
and E. Hovy. 2017. Race: Large-scale reading com- 351
prehension dataset from examinations. In EMNLP. 352

Zhenzhong Lan, Mingda Chen, Sebastian Goodman, 353
Kevin Gimpel, Piyush Sharma, and Radu Soricut. 354
2020. Albert: A lite bert for self-supervised learning 355
of language representations. ArXiv, abs/1909.11942. 356

Yichan Liang, Jianheng Li, and Jian Yin. 2019. A new 357
multi-choice reading comprehension dataset for cur- 358
riculum learning. In Proceedings of The Eleventh 359
Asian Conference on Machine Learning, volume 101 360
of Proceedings of Machine Learning Research, pages 361
742–757, Nagoya, Japan. PMLR. 362

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, 363
Mandar Joshi, Danqi Chen, Omer Levy, M. Lewis, 364
Luke Zettlemoyer, and Veselin Stoyanov. 2019. 365
Roberta: A robustly optimized bert pretraining ap- 366
proach. International conference on machine learn- 367
ing, abs/1907.11692. 368

Adam Poliak, Jason Naradowsky, Aparajita Haldar, 369
Rachel Rudinger, and Benjamin Van Durme. 2018. 370
Hypothesis only baselines in natural language infer- 371
ence. In Proceedings of the Seventh Joint Conference 372
on Lexical and Computational Semantics, pages 180– 373
191. 374

Vatsal Raina and Mark Gales. 2022. Answer uncertainty 375
and unanswerability in multiple-choice machine read- 376
ing comprehension. In Findings of the Association 377
for Computational Linguistics: ACL 2022, pages 378
1020–1034, Dublin, Ireland. Association for Compu- 379
tational Linguistics. 380

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and 381
Percy Liang. 2016. SQuAD: 100,000+ questions for 382
machine comprehension of text. In Proceedings of 383
the 2016 Conference on Empirical Methods in Natu- 384
ral Language Processing, pages 2383–2392, Austin, 385
Texas. Association for Computational Linguistics. 386

Matthew Richardson, Christopher J. C. Burges, and Erin 387
Renshaw. 2013. Mctest: A challenge dataset for the 388
open-domain machine comprehension of text. In 389
EMNLP. 390

Chenglei Si, Shuohang Wang, Min-Yen Kan, and Jing 391
Jiang. 2019. What does bert learn from multiple- 392
choice reading comprehension datasets? arXiv 393
preprint arXiv:1910.12391. 394

Saku Sugawara, Pontus Stenetorp, Kentaro Inui, and 395
Akiko Aizawa. 2020. Assessing the benchmarking 396
capacity of machine reading comprehension datasets. 397
In Proceedings of the AAAI Conference on Artificial 398
Intelligence, volume 34, pages 8918–8927. 399

5

https://doi.org/10.18653/v1/P16-1223
https://doi.org/10.18653/v1/P16-1223
https://doi.org/10.18653/v1/P16-1223
https://openreview.net/forum?id=r1xMH1BtvB
https://openreview.net/forum?id=r1xMH1BtvB
https://openreview.net/forum?id=r1xMH1BtvB
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
http://proceedings.mlr.press/v101/liang19a.html
http://proceedings.mlr.press/v101/liang19a.html
http://proceedings.mlr.press/v101/liang19a.html
http://proceedings.mlr.press/v101/liang19a.html
http://proceedings.mlr.press/v101/liang19a.html
https://doi.org/10.18653/v1/2022.findings-acl.82
https://doi.org/10.18653/v1/2022.findings-acl.82
https://doi.org/10.18653/v1/2022.findings-acl.82
https://doi.org/10.18653/v1/2022.findings-acl.82
https://doi.org/10.18653/v1/2022.findings-acl.82
https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.18653/v1/D16-1264
https://doi.org/10.18653/v1/D16-1264


Kai Sun, Dian Yu, Jianshu Chen, Dong Yu, Yejin Choi,400
and Claire Cardie. 2019. Dream: A challenge data401
set and models for dialogue-based reading compre-402
hension. Transactions of the Association for Compu-403
tational Linguistics, 7:217–231.404

Adam Trischler, Tong Wang, Xingdi Yuan, Justin Harris,405
Alessandro Sordoni, Philip Bachman, and Kaheer406
Suleman. 2017. Newsqa: A machine comprehension407
dataset. In Rep4NLP@ACL.408

Adam Trischler, Zheng Ye, Xingdi Yuan, Jing He, and409
Philip Bachman. 2016. A parallel-hierarchical model410
for machine comprehension on sparse data. In Pro-411
ceedings of the 54th Annual Meeting of the Associa-412
tion for Computational Linguistics (Volume 1: Long413
Papers), pages 432–441.414

Siyuan Wang, Wanjun Zhong, Duyu Tang, Zhongyu415
Wei, Zhihao Fan, Daxin Jiang, Ming Zhou, and Nan416
Duan. 2022. Logic-driven context extension and data417
augmentation for logical reasoning of text. In Find-418
ings of the Association for Computational Linguistics:419
ACL 2022, pages 1619–1629.420

Ikuya Yamada, Akari Asai, Hiroyuki Shindo, Hideaki421
Takeda, and Yuji Matsumoto. 2020. Luke: Deep con-422
textualized entity representations with entity-aware423
self-attention. In EMNLP.424

Zhilin Yang, Zihang Dai, Yiming Yang, J. Carbonell,425
R. Salakhutdinov, and Quoc V. Le. 2019. Xlnet:426
Generalized autoregressive pretraining for language427
understanding. In NeurIPS.428

Zhilin Yang, Peng Qi, Saizheng Zhang, Yoshua Ben-429
gio, William W. Cohen, Ruslan Salakhutdinov, and430
Christopher D. Manning. 2018. Hotpotqa: A dataset431
for diverse, explainable multi-hop question answer-432
ing. In EMNLP.433

Weihao Yu, Zihang Jiang, Yanfei Dong, and Jiashi Feng.434
2020. Reclor: A reading comprehension dataset re-435
quiring logical reasoning. In International Confer-436
ence on Learning Representations.437

Manzil Zaheer, Guru Guruganesh, Kumar Avinava438
Dubey, Joshua Ainslie, Chris Alberti, Santiago439
Ontañón, Philip Pham, Anirudh Ravula, Qifan440
Wang, Li Yang, and Amr Ahmed. 2020. Big441
bird: Transformers for longer sequences. ArXiv,442
abs/2007.14062.443

Zhuosheng Zhang, Junjie Yang, and Hai Zhao. 2021.444
Retrospective reader for machine reading compre-445
hension. In Proceedings of the AAAI Conference446
on Artificial Intelligence, volume 35, pages 14506–447
14514.448

Appendix A Limitations 449

We propose an approach that can automatically flag 450

low-quality questions that can be eliminated with- 451

out context information. However, it is important 452

to appreciate that questions that are not flagged by 453

such an approach are not necessarily good-quality 454

questions. Further work is required to devise a 455

comprehensive assessment approach for the quality 456

of multiple-choice questions. 457

Appendix B Additional Results 458

TRN DEV EVL

RACE++ 100,388 5,599 5,642
COSMOSQA 25,262 2,985 –
ReClor 4,638 500 1000

Table Appendix B.1: Overall number of examples per
dataset.

Table Appendix B.1 presents the total number of 459

questions in each of the multiple-choice machine 460

reading comprhension datasets RACE++ (Lai et al., 461

2017), COSMOSQA (Huang et al., 2019) and Re- 462

Clor (Yu et al., 2020). The baseline systems for 463

each dataset is trained on TRN and hyperparameter 464

tuned on DEV. For RACE++, systems are evaluated 465

on EVL but for COSMOSQA and ReClor, the eval- 466

uations are performed on the DEV split because 467

their EVL splits have their labels hidden. 468

Training data RACE++ COS. ReClor

– 25.00 25.00 25.00

RACE++

{O} 41.76 21.44 34.00
Q+{O} 57.32 54.04 34.80
{O}+C 68.20 54.61 46.00

Q+{O}+C 85.01 70.05 48.60

COS.

{O} 29.95 57.39 25.20
Q+{O} 38.73 68.51 27.80
{O}+C 52.41 78.96 40.40

Q+{O}+C 66.81 84.49 41.20

ReClor

{O}. 26.07 18.29 49.00
Q+{O} 31.27 33.13 51.80
{O}+C 39.83 36.88 68.40

Q+{O}+C 52.69 41.68 69.80

Table Appendix B.2: Cross-performance of systems
on RACE++, COSMOSQA (COS.) and ReClor using
accuracy.

Table Appendix B.2 shows the cross- 469

performance where systems are trained on 470

one dataset, and evaluated on all 3 (where the 471

same set-up is used). It is evident that in the 472
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matched setting, shortcut systems can significantly473

outperform random guessing across all modes,474

with similar findings to those in the main paper.475

It is worth noting that ReClor has a low diversity476

of questions, and so the options can be quite477

indicative of the type of question posed, which478

explains why the questions do not seem to benefit479

prediction much for ReClor. Additionally, looking480

at the cross-domain evaluation we see that the481

systems generalise considerably when applied482

out-of-domain. Though this is unexpected when483

viewing the shortcut models as only using spurious484

correlations, this supports the proposed explanation485

that the model has existing knowledge that can486

help identify implausible distractors, independent487

of the domain.488

Appendix B.1 COSMOSQA489

Figure Appendix B.1: Distribution of effective number
of options and binned accuracy for COSMOSQA.

Figure Appendix B.2: Distribution of counts and cor-
responding accuracy when points are sorted by MI ap-
proximation for COSMOSQA.

We repeat the entropy plot (Figure Appendix490

B.1) for COSMOSQA and find the same similar491

surprising trend. The entropy of the question is492

highly indicative of expected accuracy for the point,493

and further the shortcut system has a very flat dis-494

tribution showing that a substantial number of ex- 495

amples can be answered confidently and accurately 496

without context. The repeated mutual information 497

plot (Figure Appendix B.2) for COSMOSQA also 498

has the same trend seen in RACE++, validating 499

that our findings are more general that just for 500

RACE++, and holds for the main two standard 501

MCMRC datasets. 502

Appendix B.2 ReClor 503

Figure Appendix B.3: Distribution of effective number
of options and binned accuracy for ReClor.

Figure Appendix B.4: Distribution of counts and cor-
responding accuracy when points are sorted by MI ap-
proximation for ReClor.

We generated the same plots for ReClor as well, 504

and observed the same rough general trends. How- 505

ever, the questions of ReClor are much more chal- 506

lenging than in either RACE++ and COSMOSQA, 507

and so we notice that the counts distribution is 508

pushed considerably to the higher entropy side. 509

Additionally, since ReClor is much smaller than 510

RACE++ and COSMOSQA (see Table Appendix 511

B.1), the curves are less smooth and suffer more 512

from noise. 513
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Appendix C Model information514

C.1 Training Details515

For all systems, deep ensembles of 3 models are516

trained with the large 5 ELECTRA PrLM as a part517

of the multiple-choice MRC architecture depicted518

in Figure 2. Each model has 340M parameters.519

Grid search was performed for hyperparameter520

tuning with the initial setting of the hyperparam-521

eter values dictated by the baseline systems from522

Yu et al. (2020); Raina and Gales (2022). Apart523

from the default values used for various hyper-524

paramters, the grid search was performed for the525

maximum number of epochs ∈ {2, 5, 10}; learning526

rate ∈ {2e−7, 2e−6, 2e−5}; batch size ∈ {2, 4}.527

For RACE++, training was performed for 2 epochs528

at a learning rate of 2e-6 with a batch size of 4529

and inputs truncated to 512 tokens. For systems530

trained on ReClor the final hyperparameter settings531

included training for 10 epochs at a learning rate532

of 2e-6 with a batch size of 4 and inputs truncated533

to 512 tokens. For COSMOSQA, training was per-534

formed for 5 epochs at a learning rate of 2e-6 with535

a batch size of 4 and inputs truncated to 512 tokens.536

Cross-entropy loss was used at training time with537

models built using NVIDIA A100 graphical pro-538

cessing units with training time under 3 hours per539

model for ReClor, 5 hours for COSMOSQA and 4540

hours for RACE++. All hyperparameter tuning was541

performed by training on TRN and selecting values542

that achieved optimal performance on DEV. For543

fairness, the ‘shortcut’ systems (omitting various544

forms of the input) for each dataset were trained545

with the same hyperparameter settings as their cor-546

responding baseline systems.547

C.2 Calibration548

The trained models were calibrated post-hoc using549

single parameter temperature annealing (Guo et al.,550

2017). Uncalibrated, model probabilities are deter-551

mined by applying the softmax to the output logit552

scores si:553

P (y = k;θ) ∝ exp(sk) (3)554

where k denotes a possible output class for a predic-555

tion y. Temperature annealing ‘softens’ the output556

probability distribution by dividing all logits by a557

single parameter T before the softmax.558

PCAL(y = k;θ) ∝ exp(sk/T ) (4)559

5Configuration at: https://huggingface.co/
google/electra-large-discriminator/blob/
main/config.json.

As the parameter T does not change the relative 560

rankings of the logits, the model’s prediction will 561

be unchanged and so temperature scaling does not 562

affect the model’s accuracy. The parameter T is 563

chosen such that the accuracy of the system is equal 564

to the mean of the maximum probability (which 565

would be expected for a calibrated system). 566

Appendix D Licenses 567

This section details the license agreements of the 568

scientific artifacts used in this work. The dataset 569

COSMOSQA (Huang et al., 2019) has BSD 3- 570

Clause License. The datasets RACE++ (Lai et al., 571

2017) and ReClor (Yu et al., 2020) are freely avail- 572

able with the limitation on the latter that it can 573

only be used for non-commercial research purposes. 574

Huggingface transformer models are released un- 575

der: Apache License 2.0. All the scientific aritfacts 576

are consistent with their intended uses. 577
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