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Abstract

Multiple choice reading comprehension
(MCRC) exams are a standard way of
assessing candidates for a wide range of
language examinations. Despite the ubiquity
of these exams, it is difficult to make good
questions where: 1) all distractor options
remain feasible when only given the question;
and 2) there is only one clear solution when
both the context passage and question are
given. This work examines some standard
MCRC datasets with these attributes in mind.
We show that even when no contextual passage
information is available, deep learning systems
can achieve surprisingly high accuracy. This
performance is shown to be a result of the
choice of distractors, as for some questions
the system can use "general knowledge" (from
pre-trained models) to answer the question.
Furthermore, this work proposes simple
metrics that can flag questions where answers
can be eliminated without context, as well
as highlighting questions where significant
information is extracted from the context.
These metrics could aid test designers to
develop and refine MCRC exam questions that
better assess reading comprehension abilities.

1 Introduction

Reading comprehension (RC) exams have become
a ubiquitous assessment method to probe how well
candidates can read a passage and understand the
text’s core meaning. They have been used exten-
sively in university entrance exams, for selection of
graduate programs, and in a wide range of language
competency examinations (Alderson, 2000). A fun-
damental assumption of RC exams is that to answer
any of the questions correctly, one has to read the
passage, comprehend its meaning, and identify the
relevant information of a given question. This work,
however, shows that this assumption may not al-
ways hold and that for several standard RC exams,
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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
comprehension at all.

In particular, for several standard multiple-
choice machine reading comprehension (MCMRC)
datasets (Liang et al., 2019; Huang et al., 2019; Yu
et al., 2020), we show that many questions can be
answered accurately and confidently without hav-
ing any access to the contextual passage. Hence, in
many cases, it is possible to infer the answer using
the question and options alone. Further analysis
shows that this is at least partly due to the presence
of low-quality distractors, i.e. options that can be
eliminated using only the question. As an example,
given the question “Mina’s sister’s name is:", one
can eliminate any options that use a traditionally
male name (see Figure 1). This highlights a po-
tential ‘shortcut’ that candidates can use for RC
exams, where they may be able to answer ques-
tions while bypassing the context. Our work raises
awareness to this subtle flaw, and demonstrates that
systems with degenerate inputs can achieve remark-
able performance for standard MCMRC datasets.
Further, we propose a simple solution to catch ques-
tions that can be answered without comprehension,
which could be a useful tool for future multiple-
choice RC test designers to ensure that all questions
truly assess reading comprehension ability.

Machine reading comprehension (MRC) is a
highly researched area, with state-of-the-art (SoTA)
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Figure 2: Model architecture.

systems (Trischler et al., 2016; Dhingra et al., 2017;
Zhang et al., 2021; Yamada et al., 2020; Zaheer
et al., 2020; Wang et al., 2022) often approach-
ing or even exceeding human level performance
on public benchmarking leaderboards (Chen et al.,
2016; Sun et al., 2019; Richardson et al., 2013;
Clark et al., 2018; Lai et al., 2017; Trischler et al.,
2017; Yang et al., 2018). Existing work has anal-
ysed the robustness of MRC systems: Sugawara
et al. (2020) show that for SQuAD (Rajpurkar et al.,
2016), systems without questions can be trained to
select answer spans better than random. Kaushik
and Lipton (2018) demonstrate that systems with
degenerate inputs (i.e. using questions or passage
only) can achieve reasonable RC performance. Jia
and Liang (2017) demonstrate that for RC tasks,
adding adversarial sentences to the end of contexts
can cause systems to fail, while Si et al. (2019) pro-
vide evidence that MCMRC systems don’t consider
grammar, nor use the whole context, but instead
overly focus on particular words. There is also a
further larger body of work looking at ‘shortcuts’
(Geirhos et al., 2020) in natural language process-
ing, where works have analysed system reliance on
spurious correlations (Poliak et al., 2018).

Unlike most existing work, the focus of this pa-
per is not in analysing model robustness. Though
we do find the surprising result that systems can
achieve high MCMRUC performance using degen-
erate inputs, our work uses these shortcut systems
for analysis of distractor options which provides
insight into the quality of a question. The 4 main
contributions of this work are: 1) we are the first
investigate whether comprehension is required to
answer all questions in MCRC, and highlight this
weakness in popular MCMRC datasets. 2) we show
that various ‘shortcut’ systems can achieve surpris-
ingly high performance, and reason that this must
be due to poor distractor options. 3) We propose a
simple and effective detection technique that can
flag low-quality multiple-choice questions - ques-
tions that can be answered without considering the

context. 4) We provide analysis that looks at the
importance of context for MCMRC systems, which
further helps in identifying high-quality questions.

2 Multiple choice reading comprehension

Multiple-choice reading comprehension is a com-
mon task where given a context passage C and
question @, the correct answer must be deduced
from a set of answer options {O}. Current SOTA
MRC systems are dominated by pre-trained lan-
guage models (PrLMs) based on the transformer en-
coder architecture (Devlin et al., 2019; Yang et al.,
2019; Liu et al., 2019; Lan et al., 2020; Clark et al.,
2020). For MCMRC, systems based on ELECTRA
(Clark et al., 2020) typically perform amongst the
best against comparably sized models (Raina and
Gales, 2022), with the standard MCMRC architec-
ture of Figure 2 (Yu et al., 2020; Raina and Gales,
2022). Each option is individually encoded along
with the question and the context into a score, and
a softmax layer converts the 4 options scores into a
probability distribution. At inference, the predicted
answer is the option with the greatest probability.

A requirement for good MCRC questions is that
information from both the question and the con-
text passage must be used to determine the correct
answer. If the answer can be deduced without the
context, then this implies that comprehension is
not required. To probe whether this is an issue for
MCMRC, we propose to train various systems that
use degenerate inputs. In particular, three ‘shortcut’
systems are considered: a system that uses only the
options, a system that uses only the question and
options, and a system that uses only the options
and the context. The standard set-up (of Section 2)
is still followed, however each system has altered
inputs, as shown in Figure 3.

Consider the output probability distribution of
the predicted answer, P(y). One can measure the
entropy of the distribution, #(Y"), which can be
converted into the more interpretable effective num-
ber of options, N'(Y'), a value bounded between 1
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Figure 3: System inputs for shortcut systems.
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For well designed questions, one would expect sys-
tems with missing information (i.e. the ‘shortcut’
models) to have no information of what the answer
is. This would correspond to a uniform distribution
output (the distribution of maximum entropy), with
an effective number of options equal to the total
number of answer options. However, if the effec-
tive number of options is significantly lower than
the total number of answer options, then this im-
plies that the model can somewhat infer the answer
without comprehension. To probe how much infor-
mation is gained by the context, one can addition-
ally look at the mutual information of the context.
This looks at how much the entropy decreases be-
tween the shortcut system and the baseline system
which uses the context.

3 Experiments

3.1 Setup

| M H C All

TRN #Q | 25241 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

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

Table 1: RACE++ data statistics.

RACE++ (ReAding Comprehension dataset
from Examinations) (Lai et al., 2017; Liang et al.,
2019) is a MCRC dataset of English comprehen-
sion questions for Chinese high school students.
The questions assess student’s understanding and
reasoning abilities, with each question having 4
possible options, one of which is correct based on
the passage. The questions are divided into three
subsets: RACE-M, RACE-H, and RACE-C which
are at a middle school, high school and college

level respectively. Table 1 outlines the number of
questions and contexts in each split.

For the experiments in this work!, the baseline
ELECTRA model® is trained on TRN, tuned on
DEV and evaluated on EVL. Additional models
are then trained and evaluated using the defective
inputs shown in Figure 3. The results in the pa-
per focus on RACE++, but all experiments are
repeated for ReClor (Yu et al., 2020) and COS-
MOSQA (Huang et al., 2019) with very similar
findings (see Appendix B). Hyperparameter details
are given in C.1. Accuracy is used as the default
metric when reporting all performances.

3.2 Results

Training data | M H C All
- ‘ 25.00 25.00 25.00 25.00
{O} 40.95 42.14 4153 41.76
Q+{O} 5481 57.75 60.31 57.32
{O}+C 66.85 69.15 66.24 68.20
Q+{O}+C 88.09 8442 81.64 85.01

Table 2: Accuracy on EVL.

Here we compare the performance of the base-
line MCMRC system against the shortcut systems.
Table 2 shows the baseline (Q+{O}+C) achieves
a high accuracy of 85.01% on EVL. Note that the
system does worse on harder questions, with a 7%
drop in accuracy on college level compared to the
middle school level questions.

Alarmingly, Table 2 shows that the shortcut mod-
els can achieve high accuracy, significantly out-
performing a random system despite missing vital
information. In particular, a system trained using
only the options ({O}) achieves a surprising accu-
racy of 41.76%, despite not knowing the question
nor the context. Additionally, systems without ac-
cess to the context (Q+{O}) achieve a respectable
57.32%, highlighting that it is possible for a system
(and hence potentially candidates) to achieve rea-
sonable performance without performing any com-
prehension. Systems with no access to questions
({0}+C) achieve an accuracy of 68.20%, which al-
though high, is less worrying since it is reasonable
to expect that some options can be eliminated using
context information. The following results will fo-
cus on the system where the context is not available
(Q+{0}), hereon referred to as the shortcut system.

!Code 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 accuracy
(with bin width of 0.2) in terms of the effective
number of options (see Equation 1) for both the
baseline and shortcut systems. Since the systems
are slightly overconfident® the systems’ output
probabilities are calibrated using temperature an-
nealing (Guo et al., 2017) (see Appendix C.2). The
solid lines show counts per bin: the baseline sys-
tem has high certainty for most points, whereas the
shortcut model answers some questions confidently
and others no more confident than a random guess.
There is a strong correlation between accuracy and
certainty, where the effective number of options
is highly indicative of bin accuracy, showing that
the entropy is a very good measure of actual model
uncertainty. It is surprising that the shortcut system,
without any contextual information, has a signifi-
cant number of examples in the low entropy region.
This shows clearly that for a subset of the questions,
the system can confidently reason the answer using
only the question and options, due to the presence
of disastrous distractors - options that are easy to
eliminate using the question alone (see Figure 1).
However, this also naturally sheds light on a pos-
sible solution, as the shortcut system can be used
as a tool to filter out questions which don’t require
context; questions that have low shortcut entropy®.

To further look at the influence of context, the
mutual information (MI) between prediction and
context was approximated for each example using
Equation 2. Points with a high MI are questions
where the model is certain of the answer with con-

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

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

text, but is uncertain without context - a property
good questions should have. Figure 5 shows the
counts when all the examples are ordered by MI
(see Equation 2) along with both the baseline and
shortcut system accuracies. In particular, we note
that the count distribution has a mix of high and
low MI questions, which shows that the benefit of
context is not a system-wide property but instead
varies over questions. We also note that the accu-
racy of the baseline system increases considerably
when context is useful, while accuracy falls for the
shortcut system. It is interesting to note that a small
fraction of questions have a negative MI. Though
mutual information should always be positive, neg-
ative values can be observed since models are only
approximations of the true underlying distributions.
The low accuracy of the shortcut model on nega-
tive MI questions occurs when there is misplaced
overconfidence from prior knowledge which is con-
tradicted by information in the context.

4 Conclusions

This work finds that for popular MCMRC datasets,
it is possible to achieve high accuracy without per-
forming comprehension. In particular, without vital
question information, ‘shortcut’ systems can still
confidently determine the correct answer options
and achieve surprisingly high performance. This
suggests that answers can be determined without
context, and so we propose that these shortcut sys-
tems can be used to automatically flag low-quality
questions that don’t require comprehension. Us-
ing an approximation of the mutual information,
we also show that the importance of context varies
over the questions in the dataset, and reason that
high MI questions can be thought of as candidates
for high-quality questions that truly measure com-
prehension abilities.
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Appendix A Limitations

We propose an approach that can automatically flag
low-quality questions that can be eliminated with-
out context information. However, it is important
to appreciate that questions that are not flagged by
such an approach are not necessarily good-quality
questions. Further work is required to devise a
comprehensive assessment approach for the quality
of multiple-choice questions.

Appendix B Additional Results

| 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
questions in each of the multiple-choice machine
reading comprhension datasets RACE++ (Lai et al.,
2017), COSMOSQA (Huang et al., 2019) and Re-
Clor (Yu et al., 2020). The baseline systems for
each dataset is trained on TRN and hyperparameter
tuned on DEV. For RACE++, systems are evaluated
on EVL but for COSMOSQA and ReClor, the eval-
uations are performed on the DEV split because
their EVL splits have their labels hidden.

Training data \ RACE++ COS. ReClor

- | 2500 2500 25.00

(0} 4176 2144 34.00

Q+{0} 5732 5404 34.80

RACE++ ‘014 6820 5461 4600
Q+{0}+C | 85.01 7005 48.60

(0} 2995 5739 25.20

COS Q+{0} 3873 68.51 27.80
: (0}+C 5241 7896  40.40
Q+{O}+C | 6681 8449 4120

(O}. 2607 1829  49.00

Q+{0} 3127 3313 5180

ReClor {0}+C 39.83  36.88  68.40
Q+{0)+C | 5269 4168 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-
performance where systems are trained on
one dataset, and evaluated on all 3 (where the
same set-up is used). It is evident that in the


https://openreview.net/forum?id=HJgJtT4tvB
https://openreview.net/forum?id=HJgJtT4tvB
https://openreview.net/forum?id=HJgJtT4tvB

matched setting, shortcut systems can significantly
outperform random guessing across all modes,
with similar findings to those in the main paper.
It is worth noting that ReClor has a low diversity
of questions, and so the options can be quite
indicative of the type of question posed, which
explains why the questions do not seem to benefit
prediction much for ReClor. Additionally, looking
at the cross-domain evaluation we see that the
systems generalise considerably when applied
out-of-domain. Though this is unexpected when
viewing the shortcut models as only using spurious
correlations, this supports the proposed explanation
that the model has existing knowledge that can
help identify implausible distractors, independent
of the domain.

Appendix B.1 COSMOSQA
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Figure Appendix B.1: Distribution of effective number
of options and binned accuracy for COSMOSQA.
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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 Appendix
B.1) for COSMOSQA and find the same similar
surprising trend. The entropy of the question is
highly indicative of expected accuracy for the point,
and further the shortcut system has a very flat dis-

tribution showing that a substantial number of ex-
amples can be answered confidently and accurately
without context. The repeated mutual information
plot (Figure Appendix B.2) for COSMOSQA also
has the same trend seen in RACE++, validating
that our findings are more general that just for
RACE++, and holds for the main two standard
MCMRC datasets.

Appendix B.2 ReClor
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Figure Appendix B.3: Distribution of effective number
of options and binned accuracy for ReClor.
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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,
and observed the same rough general trends. How-
ever, the questions of ReClor are much more chal-
lenging than in either RACE++ and COSMOSQA,
and so we notice that the counts distribution is
pushed considerably to the higher entropy side.
Additionally, since ReClor is much smaller than
RACE++ and COSMOSQA (see Table Appendix
B.1), the curves are less smooth and suffer more
from noise.



Appendix C Model information
C.1 Training Details

For all systems, deep ensembles of 3 models are
trained with the large > ELECTRA PrLLM as a part
of the multiple-choice MRC architecture depicted
in Figure 2. Each model has 340M parameters.
Grid search was performed for hyperparameter
tuning with the initial setting of the hyperparam-
eter values dictated by the baseline systems from
Yu et al. (2020); Raina and Gales (2022). Apart
from the default values used for various hyper-
paramters, the grid search was performed for the
maximum number of epochs € {2, 5, 10}; learning
rate € {2e —7,2e—6,2e —5}; batch size € {2,4}.
For RACE++, training was performed for 2 epochs
at a learning rate of 2e-6 with a batch size of 4
and inputs truncated to 512 tokens. For systems
trained on ReClor the final hyperparameter settings
included training for 10 epochs at a learning rate
of 2e-6 with a batch size of 4 and inputs truncated
to 512 tokens. For COSMOSQA, training was per-
formed for 5 epochs at a learning rate of 2e-6 with
a batch size of 4 and inputs truncated to 512 tokens.
Cross-entropy loss was used at training time with
models built using NVIDIA A100 graphical pro-
cessing units with training time under 3 hours per
model for ReClor, 5 hours for COSMOSQA and 4
hours for RACE++. All hyperparameter tuning was
performed by training on TRN and selecting values
that achieved optimal performance on DEV. For
fairness, the ‘shortcut’ systems (omitting various
forms of the input) for each dataset were trained
with the same hyperparameter settings as their cor-
responding baseline systems.

C.2 Calibration

The trained models were calibrated post-hoc using
single parameter temperature annealing (Guo et al.,
2017). Uncalibrated, model probabilities are deter-
mined by applying the softmax to the output logit
scores S;:

P(y = k;0) o exp(sg) 3)

where k denotes a possible output class for a predic-
tion y. Temperature annealing ‘softens’ the output
probability distribution by dividing all logits by a
single parameter 7" before the softmax.

Poar(y = k;0) < exp(s/T) 4)

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

As the parameter T' does not change the relative
rankings of the logits, the model’s prediction will
be unchanged and so temperature scaling does not
affect the model’s accuracy. The parameter 1" is
chosen such that the accuracy of the system is equal
to the mean of the maximum probability (which
would be expected for a calibrated system).

Appendix D Licenses

This section details the license agreements of the
scientific artifacts used in this work. The dataset
COSMOSQA (Huang et al., 2019) has BSD 3-
Clause License. The datasets RACE++ (Lai et al.,
2017) and ReClor (Yu et al., 2020) are freely avail-
able with the limitation on the latter that it can
only be used for non-commercial research purposes.
Huggingface transformer models are released un-
der: Apache License 2.0. All the scientific aritfacts
are consistent with their intended uses.
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