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Abstract

We build four new test sets for the Stanford Ques-
tion Answering Dataset (SQuAD) and evaluate
the ability of question-answering systems to gen-
eralize to new data. Our first test set is from the
original Wikipedia domain and measures the ex-
tent to which existing systems overfit the original
test set. Despite several years of heavy test set
re-use, we find no evidence of adaptive overfitting.
The remaining three test sets are constructed from
New York Times articles, Reddit posts, and Ama-
zon product reviews and measure robustness to
natural distribution shifts. Across a broad range
of models, we observe average performance drops
of 3.8, 14.0, and 17.4 F1 points, respectively. In
contrast, a strong human baseline matches or ex-
ceeds the performance of SQuAD models on the
original domain and exhibits little to no drop in
new domains. Taken together, our results confirm
the surprising resilience of the holdout method
and emphasize the need to move towards evalua-
tion metrics that incorporate robustness to natural
distribution shifts.

1. Introduction

Since its release in 2016, the Stanford Question Answer-
ing Dataset (SQuAD) (Rajpurkar et al., 2016) has gener-
ated intense interest from the natural language processing
community. At first glance, this intense interest has lead to
impressive results. The best performing models in 2020 (De-
vlin et al., 2019; Yang et al., 2019) have F1 scores more than
40 points higher than the baseline presented by Rajpurkar
et al. (2016). At the same time, it remains unclear to what
extent progress on these benchmark numbers is a reliable
indicator of progress more broadly.

The goal of building question answering systems is not
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merely to obtain high scores on the SQuAD leaderboard, but
rather to generalize to new examples beyond the SQuAD test
set. However, the competition format of SQuAD puts pres-
sure on the validity of leaderboard scores. It is well-known
that repeatedly evaluating models on a held-out test set can
give overly optimistic estimates of model performance, a
phenomenon known as adaptive overfitting (Dwork et al.,
2015). Moreover, the standard SQuAD evaluation only mea-
sures model performance on new examples from a single
distribution, i.e., paragraphs derived from Wikipedia arti-
cles. Nevertheless, we often use models in settings different
from the one in which they were trained. While Jia & Liang
(2017) demonstrated that SQuAD models are not robust to
adversarial distribution shifts, one might still hope that the
models are more robust to natural distribution shifts, for
instance changing from Wikipedia to newspaper articles.

This state of affairs raises two important questions:

Are SQuAD models overfit to the SQuAD test set?
Are SQuAD models robust to natural distribution shifts?

In this work, we address both questions by replicating the
SQuAD dataset creation process and generating four new
SQuAD test sets on both the original Wikipedia domain, as
well as three new domains: New York Times articles, Reddit
posts, and Amazon product reviews.

We first show that there is no evidence of adaptive overfitting
on SQuAD. Across a large collection of SQuAD models,
there is little to no difference between the F1 scores from
the original SQUAD test set and our replication. This even
holds when comparing scores from the SQuAD develop-
ment set (which was publicly released with answers) to our
new test set. The lack of adaptive overfitting is consistent
with recent replication studies in the context of image classi-
fication (Recht et al., 2019; Yadav & Bottou, 2019). These
studies leave open the possibility that this phenomenon is
specific to the data or models typical in computer vision
research. Our result demonstrates this same phenomenon
also holds for natural language processing.

Beyond adaptive overfitting, we also demonstrate that
SQuAD models exhibit robustness to some of our natural
distribution shifts, though they still suffer substantial per-
formance degradation on others. On the New York Times
dataset, models in our testbed on average drop 3.8 F1 points.
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Figure 1. Model and human F1 scores on the original SQuAD v1.1 test set compared to our new test sets. Each point corresponds to a
model evaluation, shown with 95% Student’s t-confidence intervals (mostly covered by the point markers). The plots reveal three main
phenomena: (i) There is no evidence of adaptive overfitting on SQuAD, (ii) all of the models suffer F1 drops on the new datasets, with
the magnitude of the drop strongly depending on the corpus, and (iii) humans are substantially more robust to natural distribution shifts
than the models. The slopes of the linear fits are 0.92, 1.02, 1.19, and 1.36, respectively, and the R2 statistics for the linear fits are 0.99,
0.97, 0.9, and 0.89, respectively. This means that every point of F1 improvement on the original dataset translates into roughly 1 point of

improvement on our new datasets.

On the Reddit and Amazon datasets, the drop is on average
14.0 and 17.4 F1 points, respectively. All of our datasets
were collected using the same data generation pipeline, so
this degradation can be attributed purely to changes in the
source text rather than differences in the annotation proce-
dures across datasets.

We complement each of these experiments with a strong
human baseline comprised of the authors of this paper. On
the original SQuAD data, our human accuracy numbers are
on par with the best SQuAD models (Yang et al., 2019)
and significantly better than the Mechanical Turk baseline
reported by Rajpurkar et al. (2016). On our new test sets,
average human F1 scores decrease by 0.1 F1 on New York
Times, 2.9 on Reddit, and 3.0 on Amazon. All of the result-
ing F1 scores are substantially higher than the best SQuAD
models on the respective test sets.

Figure 1 summarizes the main results of our experiments.
Humans show consistent behavior on all four test sets, while
models are substantially less robust against two of the dis-
tribution shifts. Although there has been steady progress
on the SQuAD leaderboard, there has been markedly less
progress in this robustness dimension.

To enable future research, all of our new tests sets are freely
available online.!

"https://modestyachts.github.io/squadshifts-website/

2. Background

In this section, we briefly introduce the SQuAD dataset and
present a formal model for reasoning about performance
drops between our test sets.

2.1. Stanford Question Answering Dataset

SQuAD is an extractive question answering dataset intro-
duced by Rajpurkar et al. (2016). An example in SQuAD
consists of a passage of text, a question, and one or more
spans of text within the passage that answer the question.
An example is given in Figure 2.

Model performance is evaluated using one of two metrics:
exact match (EM) or F1. Exact match measures the per-
centage of predictions that exactly match at least one of
the ground truth answers. F1 measures the maximum over-
lap between the tokens in the predicted span and any of
the ground truth answers, treating both the prediction and
each answer as a bag of words. Both metrics are described
formally in Appendix A.

After releasing the SQuAD v1.1 dataset, Rajpurkar et al.
(2018) introduced a new variant of the dataset, SQuUAD
2.0, that includes unanswerable questions. Since SQuAD
v1.1 has been public longer and potentially subject to more
adaptivity, we focus on SQuAD v1.1 and refer to it as the
SQuAD dataset. The SQuAD test set is not publically avail-
able. Therefore, while we use public test set evaluation
numbers, we use the public development set for analysis.
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Passage: “In our neighborhood, we were
the small family, at least among the
Irish and Italians.. We could almost field
a full baseball team. But the Flynns,
they could put an entire football lineup..
We loved Robert F. Kennedy'’'s family:
kids, and Ethel looks great. Bobby
himself was the seventh of nine.”

Question: How many kids did Robert F.
Kennedy have?
Answer:

Question: The author believes his family
could fill a team of which sport?
Answer: baseball

Figure 2. Question and answer pairs from a sample passage in our
New York Times SQuAD test set. Answers are text spans from the
passage that answer the question.

2.2. A Model for Generalization

Although progress on SQuAD is measured through perfor-
mance on a held-out test set, the implicit goal is not to
achieve high F1 scores on the test set, but rather to general-
ize to unseen examples. Our experiments test the extent to
which this assumption holds—if models with high leader-
board scores on the test set continue to perform well on new
examples, whether from the same or different distributions.

To be more formal, suppose the original test set .S is sampled
from some underlying distribution D, and consider a model
f submitted to the SQuAD leaderboard. Let Lg(f) denote
the empirical loss of model f on the sample S, and let
Lp(f) denote the corresponding population loss. In our
experiment, we gather a new dataset of examples S’ from
a distribution D’, potentially different from D. We wish
for the loss on the new sample, Lg(f) to be close to the
original, Lg(f). Omitting f, we can decompose this gap
into three terms (Recht et al., 2019).

Ls—~Ls = (Ls— Lp)+(Lp — Lp')+ (Lp — Ls/)

Adaptivity gap

Distribution gap Generalization gap

The adaptivity gap Ls — Lp measures how much adapting
the model to the held-out test set .S biases the estimate of
the population loss. Since recent models are in part chosen
on the basis of past test set information, the model f is not
independent of S. Hence Lg(f) can underestimate Lp(f),
a phenomenon called adaptive overfitting. The distribution
gap measures how much changing the distribution from D
to D’ affects the model’s performance. Finally, the general-
ization gap Lg: — Lp/ captures the difference between the
sample and the population losses due to random sampling

of S’. Since S’ is sampled independently of the model f,
this gap is typically small and well-controlled by standard
concentration results. For example, on the new Wikipedia
test set, the average size of Student’s t-confidence intervals
for models in our testbed is +0.6 F1.

In the sequel, we empirically measure both the adaptivity
gap and the distribution gap for a wide range of SQuAD
models by collecting new test sets from a variety of distri-
butions D’. We first review related work that motivates our
choice of SQuAD and natural distribution shifts.

3. Related Work

Adaptive data analysis. Although repeated test-set reuse
puts pressure on the statistical guarantees of the holdout
method (Dwork et al., 2015), a series of replication studies
established there is no adaptive overfitting on popular clas-
sification benchmarks like MNIST (Yadav & Bottou, 2019),
CIFAR-10 (Recht et al., 2019), and ImageNet (Recht et al.,
2019). Furthermore, Roelofs et al. (2019) also found little to
no evidence of adaptive overfitting in a host of classification
competitions on the Kaggle platform. These investigations
either concern image classification or smaller competitions
that have not been subject to intense, multi-year community
scrutiny. Our work establishes similar results for natural
language processing on a heavily studied benchmark.

A number of works have proffered explanations for why
adaptive overfitting does not occur in machine learn-
ing (Blum & Hardt, 2015; Mania et al., 2019; Feldman
et al., 2019; Zrnic & Hardt, 2019). Complementary to these
results, our work provides a new data point with which to
validate and deepen our understanding of overfitting.

Datasets for question answering. Beyond SQuAD, a
number of works have proposed datasets for question an-
swering (Richardson et al., 2013; Berant et al., 2014; Joshi
et al., 2017; Trischler et al., 2017; Dunn et al., 2017; Yang
et al., 2018; Kwiatkowski et al., 2019). We focus our anal-
ysis on SQuAD for two reasons. First, SQuUAD has been
the focus of intense research for almost four years, and the
competitive nature of the leaderboard format makes it an
excellent example to study adaptive overfitting in natural lan-
guage processing. Second, SQuAD requires all submissions
to be uploaded to CodalLab”, which ensures reproducibility
and makes it possible to evaluate every submission on our
new datasets using the same configuration and environment
as the original evaluation.

Generalization in question answering. Given the
plethora of question-answering datasets, Yogatama et al.
(2019), Talmor & Berant (2019), and Sen & Saffari (2020)

https://worksheets.codalab.org/
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evaluate the extent to which models trained on SQuAD gen-
eralize to other question-answering datasets. Hendrycks
et al. (2020) evaluates robustness to distribution shift for
question answering, among other tasks, by carefully split-
ting subsets of the ReCoRD dataset (Zhang et al., 2018).
In a similar vein, Fisch et al. (2019) conduct a shared task
competition that evaluates how well models trained on mul-
tiple datasets generalize to unseen datasets at test time. In
these cases, the datasets encountered at test time vary across
a number of dimensions: the question collection procedure,
the origin of the input text, the question answering inter-
face, the crowd worker population, etc. These differences
are confounding factors that make it difficult to interpret
performance differences across datasets. For example, hu-
man performance differs by 10 F1 points between SQuAD
v1.1 and NewsQA (Trischler et al., 2017). In contrast, our
datasets focus on a single factor of variation—the input text
corpus. In this controlled setting, we observe non-trivial F1
drops across a large collection of models, while human F1
scores are essentially constant.

From a different perspective, Jia & Liang (2017) and Ribeiro
et al. (2018) consider robustness to adversarial dataset cor-
ruptions. Kaushik et al. (2019) and Gardner et al. (2020)
evaluate model performance when individual examples
are perturbed in small, but semantically meaningful ways.
While we instead focus on naturally occurring distribution
shifts, we also evaluate our model testbed on adversarial
distribution shifts in Appendix B.

4. Collecting New Test Sets

In this section, we describe our data collection methodology.
Data collection primarily proceeds in two stages: curating
passages from a text corpus and crowdsourcing question-
answer pairs over the passages. In both of these stages, we
take great care to replicate the original SQuAD data gener-
ation process. Where possible, we obtained and used the
original SQuUAD generation code kindly provided by Ra-
jpurkar et al. (2016). We ran our dataset creation pipeline on
four different corpora: Wikipedia articles, New York Times
articles, Reddit posts, and Amazon product reviews. Table 1
summarizes the statistics of our new datasets.

4.1. Passage Curation

The first step in the dataset generation process is selecting
the articles from which the passages or contexts are drawn.

Wikipedia. We sampled 48 articles uniformly at random
from the same list of 10,000 Wikipedia articles as Rajpurkar
et al. (2016), ensuring there is no overlap between our arti-
cles and those in the SQuAD v1.1 training or development
sets. To minimize distribution shift due to temporal lan-
guage variation, we extracted the text of the Wikipedia

Table 1. Dataset statistics of our four new test sets compared to the
original SQuAD 1.1 development and test sets.

Dataset Total Articles Total Examples
SQuAD vl1.1 Dev 48 10,570
SQuAD v1.1 Test 46 9,533
New Wikipedia 48 7,938
New York Times 797 10,065
Reddit 1969 9,803
Amazon 1909 9,885

articles from around the publication date of the SQuAD
v1.0 dataset (June 16, 2016). For each article, we extracted
individual paragraphs and stripped out images, figures, and
tables using the same data processing code as Rajpurkar
et al. (2016). Then, we subsampled the resulting paragraphs
to match the passage length statistics of the original SQuUAD
dataset.®> See Appendix D.1 for a detailed comparison of the
paragraph distribution of the original SQuAD dev set and
our new SQuAD test set.

New York Times. We sampled New York Times articles
from the set of all articles published in 2015 using the
NYTimes Archive API. We scraped each article with the
Wayback Machine®, using the same snapshot timestamp
as our Wikipedia dataset and removed foreign language
articles. Since the average paragraph length for NYT ar-
ticles is significantly shorter than the average paragraph
length for Wikipedia articles, we randomly merged each
NYT paragraph with its successor, and then we subsampled
the merged paragraphs to match the passage length statistics
of the original SQuAD dataset.

Reddit Posts. We sampled Reddit posts from the set of all
posts across all subreddits during the month of January 2016
in the Pushshift Reddit Corpus (Baumgartner et al., 2020).
We restricted the set of posts to those marked as “safe for
work” and manually inspected and removed inappropriate
posts. We concatenated each post’s title with its body, re-
moved Markdown, and replaced all links with a single token,
LINKREMOVED. We then subsampled the posts to match
the passage length statistics of the original SQuAD dataset.

Amazon Product Reviews. We sampled Amazon prod-
uct reviews belonging to the “Home and Kitchen” category
from the dataset released by McAuley et al. (2015). As in
the previous datasets, we then subsampled the reviews to
match the passage length statistics of SQuAD.

3The minimum 500 character per paragraph rule mentioned in
Rajpurkar et al. (2016) was adopted midway through their data
collection, and hence the original dataset also includes shorter
paragraphs (Rajpurkar, 2019).

*https://archive.org/web/
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Table 2. Comparison of model F1 scores on the original SQuAD test set and our new Wikipedia test set. Rank refers to the relative
ordering of the models in our testbed using the original SQUAD v1.1 F1 scores, new rank refers to the ordering using the new Wikipedia
test set scores, and A rank is the relative difference in ranking from the original test set to the new test set. The confidence intervals are
95% Student’s t-intervals. No confidence intervals are provided for the SQUAD v1.1 dataset since the dataset is not public and only the
average scores are available. A complete table with data for the entire model testbed and analogous data for EM scores is in Appendix E.

New-Wiki F1 Score Summary

New

Rank Name SQuAD New-Wiki Gap Rank A Rank

- Human Average (this study) 95.1 92.4 2.7 - -

1 XLNet 95.1 92.3(91.9,92.8] 2.7 1 0
BERT-Large Baseline 92.7 90.8 [90.3,91.3] 1.9 9 -1

42 BiDAF+SelfAttention+ELMo 85.9 83.8 [83.1,84.5] 2.1 45 -3

83 RaSoR 78.7 77.2[764,78.1] 1.5 84 -1

85 AllenNLP BiDAF 77.2 76.5(75.7,77.3] 0.7 88 -3

4.2. Crowdsourcing Question-Answer Pairs

We employed crowdworkers on Amazon Mechanical Turk
(MTurk) to ask and answer questions on the passages in
each dataset. We followed a nearly identical protocol to
the original SQuUAD dataset creation process. We used the
same MTurk user interface, task instructions, MTurk worker
qualifications, time per task, and hourly rate (adjusted for
inflation) as Rajpurkar et al. (2016). For full details and
examples of the user interface, refer to Appendix D.2.

For each paragraph, one crowdworker first asked and an-
swered up to five questions on the content of the paragraph.
Then we obtained at least two additional answers for each
question using separate crowdworkers. There are two points
of discrepancy between our crowdsourcing protocol and the
one used to create the original SQuAD dataset. First, we
interfaced directly with MTurk rather than via the Daemo
platform because the Daemo platform has been discontinued.
Second, in our MTurk tasks, workers asked and answered
questions for at most five paragraphs rather than for the en-
tire article because MTurk workers preferred smaller units
of work. Although each difference is a potential source of
distribution shift, in Section 5 we show that the effect of
these changes is negligible—models achieve roughly the
same scores on both the original and new Wikipedia datasets.
On average, the difference in F1 scores is 1.5 F1, and 95%
of models in our testbed are within 2.7 F1.

After gathering question and answer pairs for each para-
graph, we apply the same post-processing and data clean-
ing as SQuAD vl1.1. We adjusted answer whitespace for
consistency, filtered malformed answers, and removed all
documents that had less than an average of two questions
per paragraph after filtering. In Appendix C.7, we show
that further manual filtering of incorrect, ungrammatical, or
otherwise malformed questions and answers has negligible
impact on our results.

4.3. Human Evaluation

Although both SQuAD and our new test sets have answers
from MTurk workers, it is not clear whether these answers
represent a compelling human baseline. At minimum, work-
ers are not familiar with the typical style of answers in
SQuAD (e.g., how much detail to include), and they receive
no feedback on their performance. To obtain a stronger
human baseline, the graduate student and postdoc authors
of this paper also answered approximately 1,000 questions
on each of the four new test sets and the original SQuAD
development set, following the same procedure and using
the same UI as the MTurk workers. To take feedback into
account, each participant first labelled 500 practice exam-
ples from the training set and compared their answers with
the ground truth.

5. Main Results

We use the four new datasets generated in the previous part
to test for adaptive overfitting on SQuAD and probe the
robustness of SQuAD models to natural distribution shifts.

We evaluated a broad set of over 100 models submitted to
the SQuAD leaderboard, including state-of-the-art models
like XLNet (Yang et al., 2019) and BERT (Devlin et al.,
2019), as well as older, but popular models like BIDAF (Seo
et al., 2016). All of the models were submitted to the Co-
dalLab platform, and we evaluate every model using the
exact same configuration (model weights, hyperparameters,
command-line arguments, execution environment) as the
original submission. Tables 2 and 3 contain a brief summary
of the results for key models on the new Wikipedia and
Amazon datasets. Detailed results table and citations for the
models, where available, are given in Appendix E.
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5.1. Adaptive Overfitting

The SQuAD models in our testbed come from a long se-
quence of papers that incrementally improve F1 and EM
scores over a period of several years. Consequently, if there
is adaptive overfitting, we should expect the later models to
have larger drops in F1 scores because they are the result of
more interaction with the test set. In this case, the higher F1
scores are partially the result of a larger adaptivity gap, and
we would expect that, as the observed scores Lg continue
to rise, the population scores L p would begin to plateau.

To check for adaptive overfitting on the existing test set, we
plot the SQuAD vl.1 test F1 scores against F1 scores on
our new Wikipedia test set. Figure 1 in Section 1 provides
strong evidence against the adaptive overfitting hypothesis.
Across the entire model collection, the F1 scores on the
new test set closely replicate the original F1 scores. The
observed linear fit is in contrast to the concave curve one
would expect from adaptive overfitting. We use 95% Stu-
dent’s t-confidence intervals, which make a large-sample
Gaussian assumption, to capture the error in the new F1
scores due to random variation. No such confidence inter-
vals are available for the original test set scores since the test
set is not publicly available. A similar plot for EM scores is
provided in Appendix C.1.

Not only is there little evidence for adaptive overfitting
on the test set, there is also little evidence of adaptive
overfitting on the SQuAD development set. In Figure 3, we
plot F1 scores on the SQuAD v1.1 development set against
F1 scores on the SQuAD vl.1 test set. With the exception of
three models, the F1 scores on the dev set closely match the
scores on the test set, despite the fact that the development
set is aggressively used during model selection. Moreover,
the models that do not lie on the linear trend line—
Common-sense Governed BERT-123 (April
21), Common-sense Governed BERT-123 (May
9), and XLNet-123++—are directly trained on the
development set (Qiu, 2020).

5.2. Robustness to Natural Distribution Shifts

Given the correspondence between the old and new
Wikipedia test set F1 scores, the adaptivity gap and the
distribution gap are small or non-existent. Consequently,
the distribution shift stemming from our data generation
pipeline affects the models only minimally. This allows us
to probe the sensitivity of the SQuAD models to a set of
controlled distribution shifts, namely the choice of text cor-
pus. Since all of the datasets are constructed with the same
preprocessing pipeline, crowd-worker population, and post-
processing, the datasets are free of confounding factors that
would otherwise arise when comparing model performance
across different datasets.

- . y = x
90 | inear fit

70
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50
50 70 90
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Figure 3. Comparison of F1 scores between the SQuAD v1.1 dev
set and the SQuAD v1.1 test set. Despite heavy use of the dev
set during model development, the dev set and test set scores
closely match, with the exception of three models that were
explicitly trained on the dev set, Common-sense Governed
BERT-123 (April 21), Common—-sense Governed
BERT-123 (May 9),and XLNet-123++. (Qiu, 2020). The
slope of the linear fit is 0.97.

Figure 1 in Section 1 shows F1 scores on the SQuAD v1.1
test set versus the F1 scores on each of our new test sets for
all the models in our testbed. All models experience an F1
drop on the new test sets, though the magnitude strongly
depends on the specific test set. On New York Times, for
instance, BERT only drops around 2.1 F1 points, whereas it
drops around 11.9 F1 points on Amazon and 11.5 F1 points
on Reddit. The top performing XLNet model (Yang et al.,
2019) is a clear outlier. Despite generalizing well to the new
Wikipedia dataset, XLNet drops nearly 10 F1 and 40 EM
points on New York Times, substantially more than models
with similar performance on SQuAD v1.1 as well as other
XLNet variants, e.g., XLNet-1235.

In general, F1 scores on the original SQuAD test set are
highly predictive of F1 scores on the new test sets. Interest-
ingly, the relationship is well-captured by a linear fit even
under distribution shifts. Similar to Recht et al. (2019), in
Figure 11, we observe the linear fits are better under a probit
scaling of F1 scores. See Appendix C.2 for more details.
Moreover, the gap between perfect robustness (y = ) and
the observed linear fits varies with the dataset: 3.8 F1 points
for New York Times, 14.0 points for Reddit, and 17.4 F1
for Amazon. In each case, however, higher performance on
SQuAD vl1.1 translates into higher performance on these

>This large drop persists even when normalizing Unicode
characers and replacing Unicode punctuation with Ascii approxi-
mations.
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Table 3. Comparison of model F1 scores on the original SQuAD test set and our new Amazon test set. Rank refers to the relative ordering
of the models in our testbed using the original SQuAD v1.1 F1 scores, new rank refers to the ordering using the Amazon test set scores,
and A rank is the relative difference in ranking from the original test set to the new test set. The confidence intervals are 95% Student’s
t-intervals. See Appendix E for EM scores and evaluation results for the entire model testbed.

Amazon F1 Score Summary

New

Rank Name SQuAD Amazon Gap Rank A Rank

- Human Average (this study) 95.1 92.1 3.0 - -

1 XLNet 95.1 81.7[81.1,82.2] 134 5 -4

8 BERT-Large Baseline 92.7 80.8 [80.2, 81.5] 11.9 8 0

45 BiDAF+SelfAttention+ELMo 85.9 69.2 [68.3,70.0] 16.7 43 2

90 RaSoR 78.7 57.6 [56.8,58.5] 21.1 91 -1

93 AllenNLP BiDAF 77.2 56.2[55.3,57.0] 21.0 95 -2
natural distribution shift instances.

40 -
Despite the robustness demonstrated by the models, on all
of the test sets with distribution shift, human performance is EEE SQuAD v1.1
substantially higher than model performance and well above New Wiki
the linear fits shown in Figure 1 and Figure 11. This rules 30 = NYT
out the possibility that the shift in F1 scores are entirely by a EEE  Reddit
s Amazon

change in the Bayes error rate. Moreover, it points towards
substantial room for improvement for models on our new
test sets.

6. Further Analysis

In this section, we further explore the properties of our
new test sets. We first study the extent to which common
measures of dataset difficulty can explain the performance
drops on our new test sets. Then, we evaluate whether train-
ing models with more data or more diverse data improves
robustness to our distribution shifts.

6.1. Are The New Test Sets Harder Than The Original?

One hypothesis for the performance drops observed in Sec-
tion 5.2 is that our new dataset are harder in some sense.
For instance, the diversity of answers may be greater among
Reddit comments than Wikipedia articles. To better un-
derstand this question, we compare the original SQuUAD
development set to our four new test sets using the three
difficulty measures introduced in Rajpurkar et al. (2016).

Answer diversity. Following Rajpurkar et al. (2016), we
automatically categorize each answer into numerical and
non-numerical answers, named entities, and constituents us-
ing spaCy (Honnibal & Montani, 2017) and the constituency
parser from Kitaev & Klein (2018). Histograms of answer
types for each data are shown in Figure 4. Since the original
pipeline is not available, our implementation differs slightly
from Rajpurkar et al. (2016) and we include results on the
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Figure 4. Comparison of answers types in the original and new
datasets. We automatically partition our answers into the same
categories as Rajpurkar et al. (2016). Although there are differ-
ences between the datasets, e.g., New York Times has more person
answers, the four datasets are very similar. Moreover, we show
in Appendix C.4 that differences in answer categorization across
datasets do not explain the performance drops we observe.

SQuAD vl.1 development set for comparison. Both the
original and our new Wikipedia test set have very similar
answer type histograms. The distribution shift datasets have
slight variations in the answer distributions. For instance,
NYT has more person answers, whereas Amazon has more
adjective phrases. However, changes in the answer type
distribution between datasets are not sufficient to explain
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the performance differences between the datasets. In Ap-
pendix C.4, we consider a simple model that predicts F1
scores on our new test sets by stratifying the dataset by an-
swer type, computing model F1 scores for each type, and
then reweighing these scores by the relative frequency of
each answer type in our new test set. This model explains
only a small fraction of the performance differences across
test sets.

Syntactic divergence. We also stratify our datasets using
the automatic syntactic divergence measure of Rajpurkar
et al. (2016). Syntactic divergence measures the similar-
ity between the syntactic dependency tree structure of both
the question and answer sentences and provides another
metric of example difficulty. In Figure 5, we compare the
histograms of syntactic divergence for the SQuAD v1.1 de-
velopment set and our new test sets. All of the datasets have
similar histograms, though both the Reddit and Amazon
test sets have slightly more examples with small syntactic
divergence. As in the previous part, in Appendix C.5, we
consider a simple model that predicts F1 scores on the new
test sets by stratifying the dataset according to syntactic
divergence and reweighting based on the relative frequence
of examples with a given syntactic divergence measure. As
before, this model explains only a small fraction of the
performance differences across test sets.

SQuAD v1.1

NYT

Amazon
Reddit 0 2 4 6 8 10

New Wikipedia

Percentage
=N
a o

o1

25
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=
o
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Figure 5. Histograms of syntactic divergence between question and
answer sentences for both the original and new datasets. All of the
datasets have a similar distribution of syntactic divergence, though
the Reddit and Amazon datasets have more question-answers pairs
with small (1-2) syntactic divergence.

Percentage

Reasoning required. Finally, we compare our new test
sets in terms of the reasoning required to answer each
question-answer pair, using the same non-mutually exclu-
sive categories as Rajpurkar et al. (2016). For each test
set, as well as the SQuAD development set, we randomly
sampled and manually labeled 192 examples. The results
for each dataset are presented in Table 4. Both the Amazon
and Reddit dataset have more examples requiring world
knowledge to resolve lexical variation, while the New York
Times dataset has more examples requiring multi-sentence
reasoning. Differences in reasoning required between test
sets do not explain the observed performance drops. In
Appendix C.6, we present a another model that predicts F1
scores on our new test sets by computing model F1 scores
in each reasoning category and then reweighing these scores
based on the relative frequency of each category on new test
sets. This model explains virtually none of the observed
changes in F1 scores.

6.2. Are Models Trained with More Data More Robust
to Natural Distribution Shifts?

High performance on our new datasets requires models to
generalize to data distributions that may be different from
those on which they were trained. Our primary evaluation
only concerns the robustness of SQuAD models, and a natu-
ral follow-up question is whether models trained on more
data, or explicitly trained for out-of-distribution question-
answering, perform better on our new test sets.

To test this claim, we evaluated a collection of models from
the Machine Reading for Question Answering (MRQA)
2019 Shared Task on Generalization (Fisch et al., 2019).
In the shared task, models were trained on 6 question-
answering datasets, including SQuAD vl1.1, and then evalu-
ated on 12 held-out datasets. The datasets simultaneously
differed not just in the passage distribution, as in our ex-
periments, but also in confounders like the data collection
procedure, the question distribution, and the relationship
between questions and passages.

In Figure 6, we plot the F1 scores of MRQA models on the
SQuAD vl.1 dataset against the F1 scores on each of our
new test sets, along with the linear fits from Figure 1. On
the Reddit and Amazon test sets, the best MRQA model in
our testbed, Delphi (Longpre et al., 2019), achieves higher
F1 scores than any SQuAD model and is substantially above
the linear fit. However, many of the models trained on more
data exhibit little to no improved robustness. In addition,
all of the models are still substantially below the human F1
scores and robustness. See Appendix E.2 for the full results
table.
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Table 4. Manual comparison of the reasoning required to answer each question-answer pair on a random sample of 192 examples from
each dataset using the categories from Rajpurkar et al. (2016). The Reddit and Amazon datasets have more examples requiring world
knowledge to resolve lexical variation, whereas the New York Times and Amazon datasets require more multi-sentence reasoning. We
show in Appendix C.6 that these differences in reasoning required do not explain the performance drops we observe.

Reasoning Type SQuAD vl.1 New Wiki NYT Reddit Amazon
Lexical Variation (Synonomy) 39.1 39.1 31.8 35.9 36.5
Lexical Variation (World Knowledge) 8.3 4.7 9.9 20.3 18.8
Syntactic Variation 62.5 53.6 50.5 53.1 46.4
Multiple Sentence Reasoning 8.9 8.3 16.7 12.0 16.7
Ambiguous 1.6 3.6 1.6 1.6 1.0

New Wikipedia New York Times Reddit Amazon

95

85

New Test Set F1

75

75
Original Test F1

—— SQuAD Model Linear Fit

85 95 75

85
Original Test F1

4 MRQA Model F1

95 75 85 95

Original Test F1

75 85 95
Original Test F1

-—=- y=x 4 Human F1 ¢  Best SQUAD Model

Figure 6. Model from the MRQA Shared Task 2019, trained on 5 datasets beyond SQuAD, and human F1 scores on the original SQuAD
test set and each of our new test sets. The error bars are 95% Student’s t-confidence intervals. Although the MRQA models still lag
human performance and robustness across datasets, these models, particularly those with high F1 scores on the original SQuAD, exhibit

increased robustness and generalization across each of the datasets compared to models that are only trained on SQuAD.

7. Discussion

Despite years of test set reuse, we find no evidence of adap-
tive overfitting on SQuAD. Our findings demonstrate that
natural language processing benchmarks like SQuAD con-
tinue to support progress much longer than than reasoning
from first principles might have suggested.

While SQuAD models generalize well to new examples
from the same distribution, results on our new test sets show
that robustness to distribution shift remains a challenge. On
each of our test sets, a strong human baseline is largely un-
changed, but SQuAD models suffer non-trivial and nearly
uniform performance drops. While question answering mod-
els have made substantial progress on SQuAD, there has
been less progress towards closing the robustness gap under
natural distribution shifts. This highlights the need to move
beyond model evaluation in the standard, i.i.d. setting, and
to explicitly incorporate distribution shifts into evaluation.
We hope our new test sets offer a helpful starting point.

There are multiple promising avenues for future work. One
direction is constructing metrics for comparing datasets that
can explain the performance differences we observe. Why
do models perform so well on New York Times, but experi-
ence much larger drops on Reddit and Amazon? Stratifying
our datasets using common criteria like answer type or rea-
soning required appears insufficient to answer this question.
Another important direction is to better understand the inter-
play between additional data and model robustness. Some of
the models from the MRQA challenge, e.g., Delphi (Long-
pre et al., 2019), benefit substantially from training with
additional data, while other models remain near the same
linear trend line as the SQuAD models. From both empiri-
cal and theoretical perspectives, it would be interesting to
better understand when and why training with additional
data improves robustness, and to offer concrete guidance on
how to collect and use additional data to improve robustness
to distribution shifts.
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A. Evaluation Metrics

In this section, we formally define the evaluation metrics used throughout our experiments. Let (p, ¢, (a', ..., a™) denote a
passage p, a question ¢, and a set of n answers (a', ..., a"). Let S denote the sampled dataset, let f denote some model,
and f(p, q) = a be its predicted answer.

F1 Score. F1 measures the average overlap between the prediction and the ground-truth answer. Given answer a and
prediction a, consider a and & as bags of words (sets), and let v(a, @) be their associated F1 score, i.e. the harmonic mean of
precision and recall between the two sets. Then,

Exact match. Exact match measures the percentage of predictions that exactly match any one of the ground truth answers.

ExactMatch(f) = 1 Z max 1{f(p,q) = a'}.

151 (p.g,(at,....a™))€S

All of our results are reported using the evaluation script provided by Rajpurkar et al. (2016), which ignores punctuation and

the articles “a”, “an”, and “the” when computing the above metrics.

B. Comparing Natural and Adversarial Distribution Shift

To contrast natural and adversarial distribution shifts, we evaluated all of the models in our testbed against the adversarial
attacks described in Jia & Liang (2017) on the original SQuAD v1.1 dataset.

AddSent. Inthe AddSent attack, for every passage, question, and answer pair (p, ¢, a), Jia & Liang (2017) procedurally
generate up to five new sentences to append to the passage p that do not contradict the correct answer. Each of the
sentences are generated to be similar to the correct answer, and ungrammatical or contradictory sentences are removed
by crowdworkers. This results in a set of new examples (p1, ¢, a), . . ., (Ps, ¢, a) for each original example. The adversary
evaluates the model f on each of the 5 examples and picks the one that gives the lowest score, min;—1 ... 5 s(f(p;, ¢), a),
where s is the scoring function (exact match or F1). In Figure 7, we compare F1 and EM scores on the original SQuAD vl1.1
test set with F1 and EM scores against the adversarial AddSent attack.

Similar to the natural distribution shift examples, we observe the relationship between the original test F1 scores and the
adversarial F1 test scores broadly follow a linear trend. However, the linear fit is not as good compared to the natural
distribution shifts. There is more variability in model performance around the trend line, and this is reflected in lower a
R? statistic, e.g. 0.72 for AddSent F1, compared to 0.99, 0.97, 0.91, and 0.89 for the New Wikipedia, New York Times,
Reddit, and Amazon test sets, respectively. As with the natural distribution shift datasets, the linear fit is better in the probit
domain, which we visualize in Figure 8. However, the R? statistic is still smaller than the corresponding statistics for our
distribution shift datasets in the probit domain: 0.82 compared to 0.99, 0.96, 0.94, and 0.94, for New Wikipedia, New York
Times, Reddit, and Amazon, respectively.

AddOneSent. The AddOneSent attack similar to the AddSent attack. However, rather than take the worst of the 5
altered passages, it randomly selects one of the five on which to evaluate the model. In Figure 9, we compare F1 and EM
scores on the original SQuUAD vl1.1 test set with F1 and EM scores against the adversarial AddSent attack. Since this
attack does not require model access or evaluations, it is closer in spirit to the natural distribution shifts we consider. We
observe much the same phenomenon as we see with AddSent. Model performance broadly follows a linear trend, and
there is more variability around the linear trend line than in our natural distribution shift datasets.
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Figure 7. Comparison of F1 and EM scores on the original SQuAD test set versus the adversarial AddSent attack from Jia & Liang
(2017). The models exhibit substantially more variability around the linear trend line compared to natural distribution shifts. For F1
scores, the slope of the linear fit is 1.51, for EM scores, the slope is 1.33. Similarly, the R? statistics are 0.73 and 0.74, respectively.
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Figure 8. Comparison of F1 and EM scores on the original SQuAD test set versus the adversarial AddSent attack from Jia & Liang
(2017) with probit scaling. For F1 scores, the slope of the linear fit is 0.99, and for EM, the slopes is 1.11. In the probit domain, the R?
statistics are 0.82 and 0.81, respectively.
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Figure 9. Comparison of F1 and EM scores on the original SQUAD test set versus the adversarial AddOneSent attack from Jia & Liang
(2017). We observe similar phenomenon as with AddSent. Model performance broadly follows a linear trend, with more variability
around the trend line than with our natural distribution test sets. For F1 scores, the slope of the linear fit is 1.48, and for EM, the slopes is
1.34. The R? statistics are 0.79 and 0.80, respectively.
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C. Additional Analysis and Results

In this appendix, we present additional results and analysis to better understand our distribution shift experiments.

C.1. Exact Match Scatterplots

Similar to Figure 1 in Section 1, we compare the EM scores of all models in our testbed on the SQuAD v1.1 test set versus
the EM scores of all models on each of the new test sets. The results are shown in Figure 10. In each case, we observe a
more pronounced drop than the F1 scores with average drops of 4.6, 5.75, 20.0, and 24.8 for each of the new Wikipedia,
New York Times, Reddit, and Amazon datasets, respectively. However, the primary trends are the same. In particular, we
observe little evidence of overfitting on Wikipedia (the linear model nicely describes the data), and we observe a similar
ranking of magnitudes of the drop on each of the other three datasets— New York Times exhibits a small drop, followed by
larger drops on Reddit and Amazon.

New Wikipedia New York Times Reddit Amazon
100

90
80
70

60

New Test Set EM

50

40

40 50 60 70 80 90 100 40 50 60 70 80 90 100 40 50 60 70 80 90 100 40 50 60 70 80 90 100
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Figure 10. Model and human EM scores on the original SQuAD test set compared to our new test sets (shown with 95% Clopper-Pearson
confidence intervals). The slopes of the linear fits are 0.92, 0.95, 1.05, and 1.18, respectively. The R? statistics are 0.99, 0.83, 0.82, and
0.85, respectively.

C.2. Linear Fits in the Probit Domain

In many cases, a linear model of F1 or EM scores is not a good fit when the scores span a wide range. In these cases, we
find that a probit model describes the data better. In the main text, Figure 11 shows the F1 scores for the Amazon dataset
on both the linear scale used throughout the data and a probit scale obtained by transforming all of the F1 scores with the
inverse Gaussian CDF. We observe a better linear fit for our data. Figures 12 and Figures 13 show similar probit models for
each of our new datasets.
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Linear Scaling
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Figure 11. Comparison of model and human F1 scores on the original SQuUAD v1.1 test set and our new Amazon test set. Each datapoint
corresponds to one model in the testbed and is shown with 95% Student’s t-confidence intervals. The left plot shows the model F1 scores
under a linear axis scaling, whereas the right plot uses an probit scale on both axes. In other words, model F1 score x appears at & ! (x),
where ® ! is the inverse Gaussian CDF. Visual inspection shows the linear fit is better in the probit domain. Quantitatively, the R>
statistic is 0.89 in the linear domain, compared to 0.94 in the probit domain. See Appendix C.2 for similar comparisons for all datasets.
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New Wikipedia New York Times Reddit Amazon
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Figure 12. Comparison between linear and probit axis scaling for model and human F1 scores on the original SQuAD test and each of
our new test sets. For linear axis scaling, the slopes of the linear fit are 0.92, 1.02, 1.19, and 1.36, respectively, and the RZ statistics are
0.99,0.97,0.91, 0.89, respectively. Under probit axis scaling, the slopes of the linear fit are 0.83, 0.89, 0.84, and 0.95, respectively, and
the R? statistics are 0.99, 0.96, 0.94, 0.94, respectively.
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New Wikipedia New York Times Reddit Amazon
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Figure 13. Comparison between linear and probit axis scaling for model and human EM scores on the original SQuAD test and each of
our new test sets. Under linear axis scaling, the slopes of the linear fit are 0.92, 0.95, 1.05, and 1.18, respectively. The R? statistics are

0.99,0.83,0.82, and 0.85, respectively. Under probit scaling, the slopes of the linear fit are 0.82, 0.85, 0.83, and 0.94, respectively. The
R? statistics are 0.99, 0.82, 0.83, and 0.88, respectively.
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C.3. Does Annotator Agreement Correlate with Performance Drops?
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Figure 14. Model and human F1 scores on the original SQuAD v1.1 test set compared to our new test sets, stratified by the agreement
between the answers given by the labellers, e.g. if three labellers agree, then three labellers provided identical (up to text normalization)
answers to the question. Each point corresponds to a model evaluation. Label agreement roughly corresponds to question difficulty (and
ambiguity). For clear and simple questions, all of the labellers typically agree. For more subtle or potentially ambiguous questions, the
labeller’s answers are more varied and tend to disagree more often. Across each dataset, when the questions are easier or less ambiguous
(as measured by higher labeller agreement), the models experience proportionally smaller drops on the new dataset.

C.4. Do Shifts in Answer Category Distributions Predict Performance Drops?
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Figure 15. Changes in answer type distributions introduced in Section 6 explain little of the observed performance differences across our
new datasets. For each model, we compute the F1 score on each of the answer types on the SQuUAD v1.1 dev set, and then we predict the
F1 score on the new test set by reweighing these F1 scores based on the frequency of answer types in the new test set. Concretely, if
SQuAD vl1.1 was 50% NP answers and 50% Places answers, and a model has average F1 scores of 100 for NP and 75 for Places,
then if a new dataset had 30% NP answers and 70% P laces answers, the predicted F1 score would be 82.5 (versus 87.5 for the original).
The y = « line represents the trivial model that predicts the same F1 score on the new test sets as the original. For each of the distribution
shift datasets, predictions based on answer category shifts are exceedingly optimistic and explain little of the observed drops. For instance,

on the Reddit dataset, answer category shifts suggest models would lose, on average, 2-3 F1 points. However, the average observed shift
is 14.0 F1 points.

C.5. Do Shifts in Syntactic Divergence Predict Performance Drops?
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Figure 16. Changes in syntactic distributions introduced in Section 6 explain only a small amount of the observed performance differences
across our new datasets. As in the previous plot, for each model, we compute the F1 score for each observed value of syntactic divergence
on the SQUAD v1.1 dev set, and then we predict the F1 score on the new test set by reweighing these F1 scores based on the frequency of
examples with a given syntactic divergence in the new test set. For each of the distribution shift datasets, predictions based on answer

category shifts are optimistic. For instance, on the Reddit dataset, syntactic divergence shifts suggest models would lose, on average, 1.9
F1 points, while the average observed shift is 14.0 F1 points.
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C.6. Do Shifts in Reasoning Required Distributions Predict Performance Drops?
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Figure 17. Changes in reasoning required distributions introduced in Section 6 explain little of the observed performance differences
across our new datasets. Similar to the previous plot, for each model, we compute the F1 score on each of the reasoning required categories
on the SQuAD v1.1 dev set, and then we predict the F1 score on the new test set by reweighing these F1 scores based on the reasoning
required distribution of the new test set. For each of the distribution shift datasets, predictions based on reasoning required shifts closely
follow the y = « line corresponding to the trivial model that predicts the same F1 score on the new test sets as the original.

C.7. Does Manual Data Curation Reduce Performance Drops?
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Figure 18. Comparison between model F1 scores on our New-Wikipedia and Amazon datasets and F1 scores on subsets of the datasets
with additional human filtering to remove malformed, unanswerable, incorrect, ungrammatical questions and answers. To focus annotator
effort on potentially bad questions, if all three MTurk annotators agreed on the answer, the question and answer were automatically marked
as valid. For the New Wikipedia dataset, we manually inspected an additional 1,894 questions, removed 85 questions, and removed
answers for an 444 questions. For the Amazon dataset, we manually inspected an additional 1,839 questions, removed 46 questions, and
removed answers for an 282 questions. This process resulted in human curated subsets of 5574 questions for the New Wikipedia dataset
and 6471 questions for the Amazon datasets. On the New Wikipedia dataset, models improve an average of 0.86 F1 points on this filtered
dataset. For the filtered Amazon dataset, models slightly decreased their performance by 0.09 F1 points on average. In both cases, the
rank order of the models and the linear trend observed on the full datasets without additional human filtering is preserved.
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D. Dataset collection details.

In this section, we provide further details regarding our data collection pipeline.

D.1. Passage Length Statistics

We report statistics on various text length statistics. We split each paragraph into individual sentences, words, and characters
using spaCy (Honnibal & Montani, 2017) and compute histograms showing the passage sentence, word, and character
length distributions across each dataset.

Figures 19, 20, and 21 show the paragraph lengths in characters, words, and sentences across each dataset. In Fig-
ures 22 and 23, we show the small differences in the distribution of passage length in terms of words or sentences does not
explain the observed performance drops.
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Figure 19. Histograms of the number of characters in each paragraph for the original SQuAD v1.1 development set and our new test sets.
The histograms lengths match exactly since we sample in a way that ensures the character length will match for each new dataset.
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Figure 20. Histograms of the number of words in each paragraph for the original SQUAD v1.1 development set and our new test sets.
The Wikipedia histograms match closely, while the Amazon and Reddit datasets’ paragraphs have slightly more words. However, these
differences do not explain the performance drops we observe, as Figure 22 demonstrates.
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Figure 21. Histograms of the number of sentences in each paragraph for both the original and new datasets. The new Wikipedia dataset
matches the SQUAD v1.1 dataset, while the other new test sets have a slightly longer tail. These slight difference in sentences per
paragraph do not explain the performance drops we observe, as Figure 23 demonstrates.
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Figure 22. Changes in the distribution of words per paragraph across our new test sets do not explain the differences in F1 scores we
observe. Concretely, we stratify the datasets by words per paragraph, and, for each model, we compute the F1 score for each bucket on the

SQuAD vl.1 development set. We then predict F1 scores on the new test set by reweighing these F1 scores based on the paragraph length
distribution of the new test set.
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Figure 23. Changes in the distribution of sentences per paragraph across our new test sets do not explain the differences in F1 scores
we observe. As in the previous plot, we stratify the datasets by sentence per paragraph, compute the F1 score for each bucket on the

SQuAD vl1.1 development set, and then predict F1 scores on the new test set by reweighing these F1 scores based on the paragraph length
distribution of the new test set.
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D.2. MTurk Experiment and UI Examples

Worker Details. Crowdworkers were required to have a 97% HIT acceptance rate, a minimum of 1000 HITs, and be
located in the United States or Canada. Workers were asked to spend four minutes per paragraph when asking questions and
one minute per question when answering questions. We paid workers $9.60 per hour for the amount of time required to
complete each task, using an inflation rate of 6.52% between 2016 and 2019.

UI Examples. The task directions and website UI are identical to the original SQuAD data collection setup with the sole
exception that the original tasks had workers ask and answer questions for all of the paragraphs for each article, whereas our
tasks limit each worker to at most 5 paragraphs. Figures 24 and 25 show the directions and an example HIT for the Ask task,
whereby workers pose questions for the article. Figures 26 and 27 show the directions and an example HIT for the Answer
task, whereby workers answer questions posed during the Ask task.
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SQuAD Crowdsourcing

Ask and Answer Reading Comprehension Questions

In this article about https:/www.nytimes.com/2015/02/16/sports/basketball/in-nba-all-star-game-pizazz-returns-to-garden-and-west-stars-shoot-their-way-te-a-
win.html, you will be asked to pose and answer reading comprehension guestions. Read each paragraph, and then ask and answer guestions about the content of the
paragraph.

Instructions
Estimated Time For Task Completion - 13 minutes

This article consists of 2 paragraphs. We recommend a time of 4 minutes per paragraph. Submit each paragraph after you are done to save partial progress. Feel free
to take breaks -- if you come back to the task, you do not need to resubmit paragraphs already submitted in an earlier session. After completing all paragraphs, click
the submit task button at the end of the page.

Task Examples

Beyoncé names Michael Jackson as her major musical influence. Aged five, Beyoncé attended her first ever concert where Jackson performed and she claims to
have realised her purpose. When she presented him with a tribute award at the World Music Awards in 2006, Beyoncé said, "if it wasn't for Michael Jackson, |
would never ever have performed." She admires Diana Ross as an "all-around entertainer" and Whitney Houston, who she said “inspired me to get up there and do
what she did." She credits Mariah Carey’s singing and her song "Vision of Love” as influencing her to begin practicing vocal runs as a child. Her other musical
influences include Aaliyah, Prince, Lauryn Hill, Sade Adu, Donna Summer, Mary J. Blige, Janet Jackson, Anita Baker and Rachelle Ferrell.

Question Answer Good?
What did Mariah Carey's music influence Beyonce to begin vocal runs

practicing?

In which year did Beyonce give Michael Jackson a tribute 2006

award?

At what event did Beyonce give Michael Jackson a tribute World Music Awards
award?

Which artist was Beyonce's major influence? Michael Jackson m

What kind of award did Beyonce give Michael Jackson at the tribute award
World Music Awards in 20067

How old was she at his first concert? five
Who are Beyonce's other musical influences? Aaliyah, Prince, Lauryn Hill, Sade Adu, Donna Summer, Mary J. Blige, Janet Question
Jackson, Anita Baker and Rachelle Ferrell has very
long answer
Where and when did Beyonce give Michael Jackson a tribute World Music Awards in 2006 Multi-part
award? question
Beyonce gave ___ a tribute award Michael Jackson Fill in the
blank style
question
Who does Beyonce name as her major influence? Beyonce names Michael Jackson as her major influence. Answer
repeats part
of question
Better
answer
'Michael
Jackson'

Figure 24. Ask task directions.
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SQuA owdsourcing

s \

Paragraph 1 of 2

Spend around 4 minutes on the following paragraph to ask 5 questions! If you can't ask 5 questions, ask 4, but do your best to ask 5.
Select the answer from the paragraph by clicking on 'Select Answer', and then highlight the smallest segment of the paragraph that

answers the question.

For the first time since 1998, and for the fifth time in league history, the All-Star
Game made a stop in New York, infusing the arena with a dose of the basketball
skill, celebrity presence and general sense of occasion it has lacked for the last
three months, given the struggles of the hometown Knicks. The game capped a
multiborough weekend spree of brand-sponsored parties, in-store promotional
appearances, charity events and various activities vaguely related to basketball,
some of which took place at Barclays Center in Brooklyn. In a leisurely game that
grew mildly competitive only in the final minutes, the Western Conference beat
the Eastern Conference, 163-158, in front of a well-dressed, sellout crowd. The
N.B.A. distributed two-thirds of the tickets to its marketing and broadcast
partners and affiliates, the participating players and the players’ union, as well as
league alumni. The league said that around 1,800 credentials were issued to
various media outlets.

Scroll down the questions to hit 'Submit Paragraph' once you're done with the
paragraph.

When asking questions, avoid using the same words/phrases as
in the paragraph. Also, you are encouraged to pose hard
questions.

Ask a question here. Use your own words, instead of copying from paragraph

Ask a question here. Use your own words, instead of copying from paragraph

Ask a question here. Use your own words, instead of copying from paragraph

Ask a question here. Use your own words, instead of copying from paragraph

Ask a question here. Use your own words, instead of copying from paragraph

SUBMIT PARAGRAPH

Figure 25. Ask task example.
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SQuUAD Crowdsourcing

Answer Reading Comprehension Questions

Instructions
Estimated Time For Task Completion - 0.12 hours

button at the end of the page.

In this article about https:/www.nytimes.com/2015/01/11/arts/music/a-night-of-mahler-or-morton-feldman.html, you will be asked to answer reading comprehension
questions. Read each paragraph, and then answer questions about the content of the paragraph.

This article consists of 4 questions. We recommend a speed of 1 minute per question. Submit each paragraph after you are done to save partial progress. Feel free to take
breaks -- if you come back to the task, you do not need to resubmit paragraphs already submitted in an earlier session. After completing all paragraphs, click the submit task

Task Examples

Beyoncé names Michael Jackson as her major musical influence. Aged five,
Beyoncé attended her first ever concert where Jackson performed and she
claims to have realised her purpose. When she presented him with a tribute
award at the World Music Awards in 2006, Beyoncé said, "if it wasn't for
Michael Jackson, | would never ever have performed." She admires Diana Ross
as an "all-around entertainer" and Whitney Houston, who she said "inspired
me to get up there and do what she did." She credits Mariah Carey's singing
and her song "Vision of Love" as influencing her to begin practicing vocal runs
as a child. Her other musical influences include Aaliyah, Prince, Lauryn Hill,
Sade Adu, Donna Summer, Mary J. Blige, Janet Jackson, Anita Baker and
Rachelle Ferrell.

Question

What did Mariah Carey's music
influence Beyonce to begin
practicing?

In which year did Beyonce give
Michael Jackson a tribute
award?

Who does Beyonce name as her
major influence?

Answer

vocal runs

2006

Beyonce names Michael
Jackson as her major
influence.

Q

g
z &
g

repeats part
of question

i

Figure 26. Answer task directions.




The Effect of Natural Distribution Shift on Question Answering Models

SQUAD Crowdsourcing

-

Paragraph 1 of 1

For each question for the following paragraph, select the answer from the paragraph by clicking on 'Select Answer', and then highlight
the smallest segment of the paragraph that answers the question. If the question cannot be answered from the paragraph, leave the

answer blank.

This week night offers a couple of strong concert choices. On Sunday, you can
head to Spectrum, a very cozy space on the Lower East Side, for Morton
Feldman'’s late, visionary Piano and String Quartet, featuring the pianist Joseph
Branciforte and string players drawn from several ensembles: Christopher Otto,
Pauline Kim Harris, John Pickford Richards and Mariel Roberts. (9 p.m., 121
Ludlow Street, second floor, spectrumnyc.com.) And on Thursday there's the
second installment in the Argento Chamber Ensemble’s Mahler as New York
Contemporary series, which this time pairs the chamber arrangement of “Das
Lied von der Erde” with recent works by Oliver Schneller and Jesse Jones. (7:30
p.m., Park Avenue Armory, 643 Park Avenue, at 67th Street, 212-933-5812,
argentomusic.com.)

Scroll down the questions to hit 'Submit Paragraph' once you're done with the
paragraph.

Who is performing on Sunday?

Select Answer

What time is Morton Feldman's Piano and String Quartet performing at on
Sunday?

Select Answer

Where is the venue Spectrum?

Select Answer

What is the address of Spectrum?

Select Answer

SUBMIT PARAGRAPH

~

Figure 27. Answer task example.
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E. Complete Model Testbed and Results Tables

In this section, we detail the complete model testbed and provide evaluation results for each model on each of our four
distribution shift datasets, as well as the adversarial distributions discussed in Section B.

E.1. Models Evaluated

We evaluated a representative subset of over 100 models submitted to the SQuAD leaderboard since 2016. All of the models
were submitted to the Codalab platform, and thus we evaluate every model in the exact same configuration (weights,
hyperparameters, command-line arguments, execution environment, etc.) as the original submission. Below, we list all of
the models we evaluated with references, where available, and links to the Codalab submission bundle. The models are
listed in sorted order based on their SQuAD v1.1 Test F1 score to allow easy reference to the subsequent tables.

1. XLNet (Single) (Yang et al., 2019)
https://worksheets.codalab.org/bundles/0x74ebcdla59044db49472900ae9936cf3

2. XLNet-123 (Single)
https://worksheets.codalab.org/bundles/0x519d3e06a3544b0e85b7477ea512ec01

3. XLNet-123++ (Single)
https://worksheets.codalab.org/bundles/0x8a03e7cddcead7fa9395ca96870b62fd

4. SpanBERT (Single) (Joshi et al., 2020)
https://worksheets.codalab.org/bundles/0xe7315e3e35¢c64097af5351bb2dbdf9%a5

5. BERT + WWM + MT (Single)
https://worksheets.codalab.org/bundles/0x3975475041324f8c8b14626c932d09f4

6. Tuned BERT-1seq Large Cased (Single) (Joshi et al., 2020)
https://worksheets.codalab.org/bundles/0xa62618d05255460a83adfelbfdl784f7

7. InfoWord Large (Single) (Kong et al., 2019)
https://worksheets.codalab.org/bundles/0x4al19b4d7c2fb40ef913bd97f611leb6bd

8. BERT-Large Baseline (single model)
https://worksheets.codalab.org/bundles/0xcd68d4£224b0425ab2b8b34ffb140a75

9. BERT + MT (Single)
https://worksheets.codalab.org/bundles/0x8e20cbb02fa64883afdb4£f8e50357858

10. Tuned BERT Large Cased (Single) (Devlin et al., 2019; Joshi et al., 2020)
https://worksheets.codalab.org/bundles/0x766e1c31490d424fbl54e31ee530845a

11. DPN (Single)
https://worksheets.codalab.org/bundles/0xd362627c900146178b5c190161bf6lct

12. ST_bl (Single)
https://worksheets.codalab.org/bundles/0x79cal06£d7b5402abd3815636368ce2c

13. BERT uncased (Single)
https://worksheets.codalab.org/bundles/0x1bbff660e00c4445a3dc11277039%edc3

14. EL-BERT (Single)
https://worksheets.codalab.org/bundles/0x2d65a49640394cba8632f765b237a41f

15. BISAN (single model)
https://worksheets.codalab.org/bundles/0xfd43e046161£f4ba89716d5d48b25ca2f

16. BERT + Sparse-Transformer (Single)
https://worksheets.codalab.org/bundles/0xblad4af82cl364ccladlaef78543d0£52

17. InfoWord Base (Single) (Kong et al., 2019)
https://worksheets.codalab.org/bundles/0xd2067806f74c4da79e81b73ecal8bcba

18. InfoWord-Base (single model)
https://worksheets.codalab.org/bundles/0xad4lelded95£84786al1c84d6£6036af0d
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https://worksheets.codalab.org/bundles/0x519d3e06a3544b0e85b7477ea512ec01
https://worksheets.codalab.org/bundles/0x8a03e7cddcea47fa9395ca96870b62fd
https://worksheets.codalab.org/bundles/0xe7315e3e35c64097af5351bb2dbdf9a5
https://worksheets.codalab.org/bundles/0x3975475041324f8c8b14626c932d09f4
https://worksheets.codalab.org/bundles/0xa62618d05255460a83adfe1bfd1784f7
https://worksheets.codalab.org/bundles/0x4a19b4d7c2fb40ef913bd97f611e66bd
https://worksheets.codalab.org/bundles/0xcd68d4f224b0425ab2b8b34ffb140a75
https://worksheets.codalab.org/bundles/0x8e20cbb02fa64883afdb4f8e50357858
https://worksheets.codalab.org/bundles/0x766e1c3149bd424fb154e31ee530845a
https://worksheets.codalab.org/bundles/0xd362627c900146178b5c190161bf61cf
https://worksheets.codalab.org/bundles/0x79ca106fd7b5402abd3815636368ce2c
https://worksheets.codalab.org/bundles/0x1bbff660e00c4445a3dc11277039edc3
https://worksheets.codalab.org/bundles/0x2d65a49640394cba8632f765b237a41f
https://worksheets.codalab.org/bundles/0xfd43e046161f4ba89716d5d48b25ca2f
https://worksheets.codalab.org/bundles/0xb1a4af82c1364cc1a41aef78543d0f52
https://worksheets.codalab.org/bundles/0xd2067806f74c4da79e81b73eca08bcba
https://worksheets.codalab.org/bundles/0xa41e1de495f84786a1c84d6f6036af0d
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36.

37.

38.

39.

40.

41.

InfoWord BERT Large Baseline (Single) (Devlin et al., 2019; Kong et al., 2019)
https://worksheets.codalab.org/bundles/0x86fb7e7680b6488daa585dcdlledlal36

Original BERT Large Cased (Single) (Devlin et al., 2019; Joshi et al., 2020)
https://worksheets.codalab.org/bundles/0x6603ef1196fd409d81948e3af7b44e58

Commonsense Governed BERT-123 (Single; May 8th)
https://worksheets.codalab.org/bundles/0x8eecf515978a4fd382e077efecbf90el

InfoWord BERT Base Baseline (Single) (Devlin et al., 2019; Kong et al., 2019)
https://worksheets.codalab.org/bundles/0xb6d%adf28e4241e181602540aeafa5a0

Commonsense Governed BERT-123 (Single; April 21st)
https://worksheets.codalab.org/bundles/0x008044bbd7f74a7a81b51cbcfdf5a654

MARS (Ensemble; June 20th)
https://worksheets.codalab.org/bundles/0xb320588e9f424639054f1f40de9b0cf9

MARS (Single; September 1st)
https://worksheets.codalab.org/bundles/0xfaf7cb0dfl0af4bf5a4050a53b81bel74

MARS (Single; June 21st)
https://worksheets.codalab.org/bundles/0xfc0c5b744d2a4c6b9£709c98bc2cfde?

MMIPN (Single)
https://worksheets.codalab.org/bundles/0xc2c7813ec5e241e2a0c43dad5c7ecc9l

MARS (Single; May 9th)
https://worksheets.codalab.org/bundles/0x6d7c8a0£92374218ab4d419b397d67eb

Reinforced Mnemonic Reader (Ensemble) (Hu et al., 2018)
https://worksheets.codalab.org/bundles/0x0a5eal308bad49b2bcdd37250bdf844a

AttentionReader+ (Ensemble)
https://worksheets.codalab.org/bundles/0x50985a93bf734c40b76b8cc915fe967b

Reinforced Mnemonic Reader + A2D (Single)
https://worksheets.codalab.org/bundles/0x6ada3ab4807442a4944deleB8eclf5681

Reinforced Mnemonic Reader + A2D + DA (Single)
https://worksheets.codalab.org/bundles/0xeb52c2067dcad498d852ca693eb9fd68a

BERT-Compound-DSS (Single)
https://worksheets.codalab.org/bundles/0xd74488aac2e04d47983cbee5e7a8a106

BERT-Compound (Single)
https://worksheets.codalab.org/bundles/0xc0dcla25c03ed4bad93ec28eef0e643b6

BiDAF + Self-Attention + ELMo (Ensemble) (Peters et al., 2018)
https://worksheets.codalab.org/bundles/0x35b427e3105a46498256e3ccd502e442

AVIQA+ (Ensemble)
https://worksheets.codalab.org/bundles/0x0109d51630ac45599a85523d4690afdl

EAZI (Ensemble)
https://worksheets.codalab.org/bundles/0x55c1434feb8d48dfb990756eelce86d8

EAZI+ (Ensemble)
https://worksheets.codalab.org/bundles/0x0b44£79d1e8042dd94943a35a057d7ea

MEMEN+ (Ensemble)
https://worksheets.codalab.org/bundles/0x065d328704784db7b093£f3e750£f1b46

DNET (Ensemble)
https://worksheets.codalab.org/bundles/0x5b80aaba5fded£65823746bb9b8a8fdc

BERT-Independent (Single)
https://worksheets.codalab.org/bundles/0x82178b8ab098491laabec5b3aledl18994


https://worksheets.codalab.org/bundles/0x86fb7e7680b6488daa585dcd11e41a36
https://worksheets.codalab.org/bundles/0x6603ef1196fd409d81948e3af7b44e58
https://worksheets.codalab.org/bundles/0x8eecf515978a4fd382e077efecbf90e1
https://worksheets.codalab.org/bundles/0xb6d9adf28e4241e181602540aeafa5a0
https://worksheets.codalab.org/bundles/0x008044bbd7f74a7a81b51cbcfdf5a654
https://worksheets.codalab.org/bundles/0xb320588e9f424639b54f1f40de9b0cf9
https://worksheets.codalab.org/bundles/0xfaf7cb0df0af4bf5a4050a53b81be174
https://worksheets.codalab.org/bundles/0xfc0c5b744d2a4c6b9f709c98bc2cf4e9
https://worksheets.codalab.org/bundles/0xc2c7813ec5e241e2a0c43da45c7ecc91
https://worksheets.codalab.org/bundles/0x6d7c8a0f92374218ab4d419b397d67eb
https://worksheets.codalab.org/bundles/0x0a5ea1308bad49b2bcdd37250bdf844a
https://worksheets.codalab.org/bundles/0x50985a93bf734c40b76b8cc915fe967b
https://worksheets.codalab.org/bundles/0x6ada3ab4807442a4944de1e8ec1f5681
https://worksheets.codalab.org/bundles/0xeb52c2067dca498d852ca693eb9fd68a
https://worksheets.codalab.org/bundles/0xd74488aac2e04d47983cbee5e7a8a106
https://worksheets.codalab.org/bundles/0xc0dc1a25c03e4ba493ec28eef0e643b6
https://worksheets.codalab.org/bundles/0x35b427e3105a46498256e3ccd502e442
https://worksheets.codalab.org/bundles/0x0109d51630ac45599a85523d4690afd1
https://worksheets.codalab.org/bundles/0x55c1434feb8d48dfb990756ee1ce86d8
https://worksheets.codalab.org/bundles/0x0b44f79d1e8042dd94943a35a057d7ea
https://worksheets.codalab.org/bundles/0x065d328704784db7b093f3e750ff1b46
https://worksheets.codalab.org/bundles/0x5b80aaba5fde4f65823746bb9b8a8fdc
https://worksheets.codalab.org/bundles/0x82178b8ab098491aabec5b3a1ed18994
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64.

Reinforced Mnemonic Reader (Single) (Hu et al., 2018)
https://worksheets.codalab.org/bundles/0x78c31b2alb9846a4b9de7dd71124656b

FusionNet (Ensemble) (Huang et al., 2018)
https://worksheets.codalab.org/bundles/0xd4ff6ed2458e4df099ea677a20115128

MDReader (Single)
https://worksheets.codalab.org/bundles/0xed0bb85059004ce79db37982b1381801

BiDAF + Self Attention + ELMo (single model)
https://worksheets.codalab.org/bundles/0x11£631b3e7cb4a0f8acbd60491£729b6

BiDAF + Self-Attention + ELMo (Single) (Peters et al., 2018)
https://worksheets.codalab.org/bundles/0x5ablfa7d11£f04c5991d5011471ebdc4c

MDReader0 (Single)
https://worksheets.codalab.org/bundles/0x17bde05ef4b4483a9%acf9elef8cc9326

BiDAF++ + pair2vec (Single) (Joshi et al., 2019)
https://worksheets.codalab.org/bundles/0x1720fa746b0243e19692820£d930bl4e

Conductor-net (Ensemble) (Liu et al., 2017)
https://worksheets.codalab.org/bundles/0x21d981f8667141b5bf6871714e3d5£d2

MEMENH+ (Single)
https://worksheets.codalab.org/bundles/0x£f4709036e11843f88£870f4e7dea50a0

AVIQA v2 (Ensemble)
https://worksheets.codalab.org/bundles/0x796847815444478c842f63a97cef93a0

MEMEN (Single; model submitted after paper) (Pan et al., 2017)
https://worksheets.codalab.org/bundles/0x55fcc3£13d6649449690£f05c59f402a4

Interactive AoA Reader (Ensemble)
https://worksheets.codalab.org/bundles/0x00599dfa3921413cab3a75a70722234d

EAZI (single model)
https://worksheets.codalab.org/bundles/0xad2056e99a0a484f8b8edbcc2blb0cld

AttentionReader+ (Single)
https://worksheets.codalab.org/bundles/0x334adb7624674e90aff7be232fb52005

DNET (Single)
https://worksheets.codalab.org/bundles/0x5eb36fb24feb4911888760£8554f90ac

BiDAF++ (Single) (Joshi et al., 2019)
https://worksheets.codalab.org/bundles/0xb9%9a6b77b0163453c8fb942bafale2cfe

MARS (Single; January 23rd)
https://worksheets.codalab.org/bundles/0x92ce58765d194debbadclal65399%a454

FRC (Single)
https://worksheets.codalab.org/bundles/0x346b188552ed4dlcb6clbccaabd243eb

Jenga (Ensemble)
https://worksheets.codalab.org/bundles/0xbc23efc53alf4735bad72aa0l546acel

RaSoR + TR + LM (Single) (Salant & Berant, 2018)
https://worksheets.codalab.org/bundles/0xec9321allb0f44el9ca8d325dcda7’5eb

gqa (single model)
https://worksheets.codalab.org/bundles/0xc8548cd7df0547dd9003a02e5505dd77

FusionNet (Single) (Huang et al., 2018)
https://worksheets.codalab.org/bundles/0xbe9fefbe5b544675aafeede83ccbelel

Smarnet (Ensemble) (Chen et al., 2017)
https://worksheets.codalab.org/bundles/0x622060479eded552bf490c942598ac3c


https://worksheets.codalab.org/bundles/0x78c31b2a1b9846a4b9de7dd71124656b
https://worksheets.codalab.org/bundles/0xd4ff6ed2458e4df099ea677a20115128
https://worksheets.codalab.org/bundles/0xed0bb85059b04ce79db37982b1381801
https://worksheets.codalab.org/bundles/0x11f631b3e7cb4a0f8acbd60491f729b6
https://worksheets.codalab.org/bundles/0x5ab1fa7d11f04c5991d5011471ebdc4c
https://worksheets.codalab.org/bundles/0x17bde05ef4b4483a9acf9e1ef8cc9326
https://worksheets.codalab.org/bundles/0x1720fa746b0243e19692820fd930b14e
https://worksheets.codalab.org/bundles/0x21d981f8667141b5bf6871714e3d5fd2
https://worksheets.codalab.org/bundles/0xf4709036e11843f88f870f4e7dea50a0
https://worksheets.codalab.org/bundles/0x796847815444478c842f63a97cef93a0
https://worksheets.codalab.org/bundles/0x55fcc3f13d664944969bf05c59f402a4
https://worksheets.codalab.org/bundles/0x00599dfa3921413cab3a75a70722234d
https://worksheets.codalab.org/bundles/0xad2056e99a0a484f8b8e4bcc2b1b0c14
https://worksheets.codalab.org/bundles/0x334adb7624674e90aff7be232fb52005
https://worksheets.codalab.org/bundles/0x5eb36fb24feb4911888760f8554f90ac
https://worksheets.codalab.org/bundles/0xb9a6b77b0163453c8fb942bafa1e2cfe
https://worksheets.codalab.org/bundles/0x92ce58765d194debbadc1a165399a454
https://worksheets.codalab.org/bundles/0x346b188552ed4d1cb6c1bccaa6d243eb
https://worksheets.codalab.org/bundles/0xbc23efc53a1f4735bad72aa01546ace1
https://worksheets.codalab.org/bundles/0xec9321a11b0f44e19ca8d325dcda75eb
https://worksheets.codalab.org/bundles/0xc8548cd7df0547dd9003a02e5505dd77
https://worksheets.codalab.org/bundles/0xbe9fefbe5b544675aafee4e83ccbe1e1
https://worksheets.codalab.org/bundles/0x622060479ede4552bf490c942598ac3c
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78.

79.

80.
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84.

85.

86.

87.

AVIQA v2 (Single)
https://worksheets.codalab.org/bundles/0x58cebe7730b241dea20597b0ale51b7e

DCN+ (Single) (Xiong et al., 2018)
https://worksheets.codalab.org/bundles/0xd38944b81£f484cf6a40955778204a0ct

Jenga (single model)
https://worksheets.codalab.org/bundles/0x38bce62d659e43d19f56fc2bal34c3c4d

MixedModel (Ensemble)
https://worksheets.codalab.org/bundles/0x761449f9e327450e85938688a002bc72

Two-Attention + Self-Attention (Ensemble)
https://worksheets.codalab.org/bundles/0xf9087be2e1a34b96809b71e8ccafIch6

MEMEN (Ensemble; original model in paper) (Pan et al., 2017)
https://worksheets.codalab.org/bundles/0x5596d3bldceb4l4eab5653c5ec8£1607

ReasoNet (Ensemble) (Shen et al., 2017)
https://worksheets.codalab.org/bundles/0xell17260a328f484590e34b91839ce%ad

eeAttNet (Single)
https://worksheets.codalab.org/bundles/0x48a65548231d47alaed7£5554£724064

Mnemonic Reader (Ensemble) (Hu et al., 2018)
https://worksheets.codalab.org/bundles/0xa860db3ea8854156b68da2e3a9%9a2£962

Conductor-net (Single) (Liu et al., 2017)
https://worksheets.codalab.org/bundles/0x6fce3642dc574820949b0ae40bbac564

Interactive AoA Reader (Single)
https://worksheets.codalab.org/bundles/0x6541c8fd5acb44cf85572d6827¢c22f44

Jenga (Single)
https://worksheets.codalab.org/bundles/0x4b25320ab45d459fb4274c15ed925322

SSAE (Ensemble)
https://worksheets.codalab.org/bundles/0x34a9c6dd5f3145ce9130ddbaB8a951254

jNet (Ensemble) (Zhang et al., 2017)
https://worksheets.codalab.org/bundles/0x9ba8c5bbe77c4£d399d670called2695

BiDAF + Self-Attention (Single) (Clark & Gardner, 2018)
https://worksheets.codalab.org/bundles/0xe0b60a2436ef407cbf5fa0641c5350ba

Two-Attention + Self-Attention (Single)
https://worksheets.codalab.org/bundles/0xfcb73b26ac0049478c0b4aedf09cb3c9

AVIQA (Single)
https://worksheets.codalab.org/bundles/0x513d75fb3d554ddébclldafb7eflf5c3

Attention + Self-Attention (Single)
https://worksheets.codalab.org/bundles/0xbd549e52d11b42b39bd3d2fc0bbbelda

Smarnet (Single) (Chen et al., 2017)
https://worksheets.codalab.org/bundles/0x733cef4d589743b8bc95a6108206c8a0

Mnemonic Reader (Single) (Hu et al., 2018)
https://worksheets.codalab.org/bundles/0x28f£f5339d7164a2ea95dblad4a3a2a750

MAMCN (Single) (Yu et al., 2018)
https://worksheets.codalab.org/bundles/0x3d6ebcc7d54d44798d477e94£c840830

M-NET (Single)
https://worksheets.codalab.org/bundles/0x978c1865473f4a34bf23cl4bl52ecdel

jNet (Single) (Zhang et al., 2017)
https://worksheets.codalab.org/bundles/0x8c62efeae93743018965441febe7cedl


https://worksheets.codalab.org/bundles/0x58ce6e7730b241dea20597b0a0e51b7e
https://worksheets.codalab.org/bundles/0xd38944b81f484cf6a40955778204a0cf
https://worksheets.codalab.org/bundles/0x38bce62d659e43d19f56fc2ba34c3c4d
https://worksheets.codalab.org/bundles/0x761449f9e327450e85938688a002bc72
https://worksheets.codalab.org/bundles/0xf9087be2e1a34b96809b71e8ccaf9c56
https://worksheets.codalab.org/bundles/0x5596d3b1dceb414eab5653c5ec8f1607
https://worksheets.codalab.org/bundles/0xe117260a328f484590e34b91839ce9ad
https://worksheets.codalab.org/bundles/0x48a65548231d47a1aed7f5554f724064
https://worksheets.codalab.org/bundles/0xa860db3ea8854156b68da2e3a9a2f962
https://worksheets.codalab.org/bundles/0x6fce3642dc574820949b0ae40bbac564
https://worksheets.codalab.org/bundles/0x6541c8fd5acb44cf85572d6827c22f44
https://worksheets.codalab.org/bundles/0x4b25320ab45d459fb4274c15ed925322
https://worksheets.codalab.org/bundles/0x34a9c6dd5f3145ce9130ddba8a951254
https://worksheets.codalab.org/bundles/0x9ba8c5bbe77c4fd399d670ca11e42695
https://worksheets.codalab.org/bundles/0xe0b60a2436ef407cbf5fa0641c5350ba
https://worksheets.codalab.org/bundles/0xfcb73b26ac0049478c0b4ae4f09cb3c9
https://worksheets.codalab.org/bundles/0x513d75fb3d554dd6bc11dafb7ef1f5c3
https://worksheets.codalab.org/bundles/0xbd549e52d11b42b39bd3d2fc0bbbe1da
https://worksheets.codalab.org/bundles/0x733cef4d589743b8bc95a6108206c8a0
https://worksheets.codalab.org/bundles/0x28ff5339d7164a2ea95db1a4a3a2a750
https://worksheets.codalab.org/bundles/0x3d6ebcc7d54d44798d477e94fc840830
https://worksheets.codalab.org/bundles/0x978c1865473f4a34bf23c14b152ec4e1
https://worksheets.codalab.org/bundles/0x8c62efeae93743018965441fe6e7ced0
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88. Ruminating Reader (Single) (Gong & Bowman, 2018)
https://worksheets.codalab.org/bundles/0x5abfb433377c45£3b6e3d26c3£6cd050

89. ReasoNet (Single) (Shen et al., 2017)
https://worksheets.codalab.org/bundles/0x2356880cbc5347069d99a8cf38815dbc

90. RaSoR (Single) (Lee et al., 2016)
https://worksheets.codalab.org/bundles/0x9dba642677a4489eb8fc78969601c893

91. SimpleBaseline (Single)
https://worksheets.codalab.org/bundles/0xd78f5da9c45d4fa5bde361£9370b8a40

92. PQMN (Single)
https://worksheets.codalab.org/bundles/0x0f29cad4f3e94dcfb4560e4347d946d5

93. AllenNLP BiDAF (Single) (Seo et al., 2016; Gardner et al., 2018)
https://worksheets.codalab.org/bundles/0x8704£9226d884b5687fba7f73a462195

94. Match-LSTM w/ Ans-Ptr Boundary (Ensemble) (Wang & Jiang, 2016)
https://worksheets.codalab.org/bundles/0x0bbda0093b294c1191a9dda91c0aadb0

95. Iterative Co-Attention Network (Single)
https://worksheets.codalab.org/bundles/0x801a86cd3dbd44ae930c7134b7ababe5

96. BiDAF-Compound-DSS (Single)
https://worksheets.codalab.org/bundles/0xc46b100501454942a93708faa40b4013

97. BiDAF-Independent-DSS (Single)
https://worksheets.codalab.org/bundles/0x2254478ccad84effbd92de915ff063be

98. BiDAF-Independent (Single)
https://worksheets.codalab.org/bundles/0x3d6cd49604b8466ca952fda773bfb2527

99. BiDAF-Compound (Single)
https://worksheets.codalab.org/bundles/0x450cd98£9ab548049b8e28c9f225910e

100. Match-LSTM w/ Bi-Ans-Ptr Boundary (Single) (Wang & Jiang, 2016)
https://worksheets.codalab.org/bundles/0x5£678£88703f4eb0b320793ed998dc20

101. OTF Dict + Spelling (Single) (Bahdanau et al., 2017)
https://worksheets.codalab.org/bundles/0xd33f2fbd7ecad4819b2c2b45371abcdf4

102. OTF Spelling (Single) (Bahdanau et al., 2017)
https://worksheets.codalab.org/bundles/0x5ce7b655beb0454da5240cl7f36bcebe

103. OTF Spelling + Lemma (Single) (Bahdanau et al., 2017)
https://worksheets.codalab.org/bundles/0x308cfd9f735d4965835ec496610ea91d

104. RQA+IDR (single model)
https://worksheets.codalab.org/bundles/0x54e292cee87d4b1488b9cf0dflSaeeec

105. Dynamic Chunk Reader (Single) (Yu et al., 2016)
https://worksheets.codalab.org/bundles/0x345bel8cbed541de841de3ac79d5b441

106. UQA (single model)
https://worksheets.codalab.org/bundles/0x64206b3164ecad7e7a3d8a2df833c8f9b

107. UnsupervisedQA V1
https://worksheets.codalab.org/bundles/0xelc53a62c8644e9b9d9fdfdl8feb6as85s

We also evaluated a subset of five models from the Machine Reading for Question Answering (MRQA) Shared Task (Fisch
et al., 2019) on our new test sets. As in our primary experiments, all of the models were submitted to the CodaLab platform,
and we evaluated every model in the exact same configuration as the original submission. Below, we list all of the models
we evaluated with references and links to the submission bundle.

1. Delphi (Longpre et al., 2019)
https://worksheets.codalab.org/bundles/0x9a53e9c50£1244699c4a24aeed83bd4c


https://worksheets.codalab.org/bundles/0x5abfb433377c45f3b6e3d26c3f6cd050
https://worksheets.codalab.org/bundles/0x2356880cbc5347069d99a8cf38815dbc
https://worksheets.codalab.org/bundles/0x9dba642677a4489eb8fc78969601c893
https://worksheets.codalab.org/bundles/0xd78f5da9c45d4fa5bde361f9370b8a40
https://worksheets.codalab.org/bundles/0x0f29cad4f3e94dcfb4560e4347d946d5
https://worksheets.codalab.org/bundles/0x8704f9226d884b5687fba7f73a462195
https://worksheets.codalab.org/bundles/0x0bbda0093b294c1191a9dda91c0aa9b0
https://worksheets.codalab.org/bundles/0x801a86cd3dbd44ae930c7134b7ababe5
https://worksheets.codalab.org/bundles/0xc46b10050145494aa93708faa40b4013
https://worksheets.codalab.org/bundles/0x2254478ccad84effbd92de915ff063be
https://worksheets.codalab.org/bundles/0x3d6cd49604b8466ca952fda73bfb2527
https://worksheets.codalab.org/bundles/0x450cd98f9ab548049b8e28c9f225910e
https://worksheets.codalab.org/bundles/0x5f678f88703f4eb0b320793ed998dc20
https://worksheets.codalab.org/bundles/0xd33f2fbd7eca4819b2c2b45371abcdf4
https://worksheets.codalab.org/bundles/0x5ce7b655beb0454da5240c17f36bce6c
https://worksheets.codalab.org/bundles/0x308cfd9f735d4965835ec496610ea91d
https://worksheets.codalab.org/bundles/0x54e292cee87d4b1488b9cf0df15aeeec
https://worksheets.codalab.org/bundles/0x345be18cbe4541de841de3ac79d5b441
https://worksheets.codalab.org/bundles/0x64206b3164ea47e7a3d8a2df833c8f9b
https://worksheets.codalab.org/bundles/0xe1c53a62c8644e9b9d9fdfd18feb6a85
https://worksheets.codalab.org/bundles/0x9a53e9c50f1244699c4a24aee483bd4c
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2. HierAtt (Osama et al., 2019)
https://worksheets.codalab.org/bundles/0x8d851db3255b485¢c97646c5c0ba8l2a2

3. Bert-Large+Adv Train (Leeetal., 2019)
https://worksheets.codalab.org/bundles/0xall13983bc3fc42f£f89bf3838a6177al0c

4. BERT-cased-whole-word
https://worksheets.codalab.org/bundles/0x456676760aaed52cb44ade00bb515b64

5. BERT-Multi-Finetune
https://worksheets.codalab.org/bundles/0x5716df3b477a452a997bcebb9e179c89

The remaining models submitted to the competition were either not publicly accessible or otherwise unable to run on
Codalab.

E.2. Full Results Tables

Main Results. In this section, we present the results for each SQuAD model and the 5 MRQA model listed in Appendix E.1,
along with results for the three student and postdoc authors of this paper, on each of our new test sets. Tables 5,6 7, and 8
contain the results for each our models and the three human annotators in terms of F1 score for the New Wikipedia, New
York Times, Reddit, and Amazon test sets, respectively. Tables 9, 10, 11, and 12 contain the same data for exact match
scores. For a particular dataset, some models are not listed if we were unable to evaluate the model on the dataset in Codalab.

Table 5: Comparison of model F1 scores on the original SQuAD test set and our new Wikipedia test set. Rank refers to the
relative ordering using the original SQuAD v1.1 F1 scores, new rank refers to the ordering using the new test set scores, and
A rank is the relative difference in ranking. The confidence intervals are 95% Student’s t-intervals. Unless otherwise noted,
all models are single models.

New Wikipedia F1 Score Summary

Rank Name SQuAD New Wikipedia  Gap II;I:IK A Rank
- Human-0 94.91[93.8,96.0] 92.5[91.1,93.8] 2.4 - -
- Human-1 94.9 [93.8,96.0] 92.4(91.0, 93.8] 2.5 - -
- Human-2 95.6 [94.5,96.6] 92.3[90.8,93.8] 3.2 - -
1 XLNet 95.1 92.31[91.9,92.8] 2.7 1 0
2 XLNET-123 94.9 92.2[91.7,92.7] 2.7 5 -3
3 XLNET-123++ 94.9 92.3191.8,92.7] 2.6 3 0
4 Delphi 94.7 92.2[91.7,92.7] 2.5 4 0
5 SpanBERT 94.6 92.31[91.8,92.8] 23 2 3
6 BERT+WWM+MT 94.4 91.8[91.3,92.3] 2.6 6 0
7 BERT-cased-whole-word 93.4 91.5[91.0, 92.0] 1.9 7 0
8 Tuned BERT-1seq Large Cased 93.3 91.0[90.5,91.5] 2.3 9 -1
9 InfoWord (large) 93.1 91.0[90.5,91.6] 2.1 8 1
10 BERT-Large Baseline 92.7 90.8 [90.3, 91.3] 1.9 11 -1
11 BERT+MT 92.6 90.4[89.9,909] 2.3 13 -2
12 Tuned BERT Large Cased 92.6 90.6 [90.1,91.1] 2.0 12 0
13 DPN 92.0 89.7[89.2,90.3] 2.3 14 -1
14 ST bl 92.0 89.6 [89.0,90.1] 24 16 -2
15 BERT-uncased 91.9 89.4 [88.8,89.9] 2.6 20 -5
16 EL-BERT 91.8 89.6 [89.0,90.1] 2.2 17 -1
17 BISAN 91.8 89.4 [88.9,90.0] 2.3 18 -1
18 BERT+Sparse-Transformer 91.6 89.4 [88.9,90.0] 2.2 19 -1
19 InfoWord (base) 91.4 89.2 [88.6,89.8] 2.2 23 -4
20 InfoWord-Base 91.4 89.2 [88.6,89.8] 2.1 22 2
21 InfoWord BERT baseline (large) 91.3 90.8 [90.3,91.3] 0.5 10 11
22 Original BERT Large Cased 91.3 89.6 [89.1,90.2] 1.6 15 7
23 Common-sense Governed BERT-123 (May 8 2019) 91.1 89.3 [88.7, 89.8] 1.8 21 2
24 InfoWord BERT baseline (base) 90.9 88.7 [88.1,89.2] 2.2 24 0
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New Wikipedia F1 Score Summary

Rank Name SQuAD New Wikipedia  Gap Rank A Rank
25 Common-sense Governed BERT-123 90.6 88.1[87.5,88.7] 2.5 25 0
26 MARS (ensemble, June 20 2018) 89.8 88.0 [87.4, 88.6] 1.8 26 0
27 MARS 89.5 85.6 [85.0,86.3] 3.9 39 -12
28 MARS (June 21 2018) 89.2 87.0[86.4,87.7] 2.2 27 1
29 MMIPN 88.9 87.0 [86.3,87.6] 2.0 28 1
30 MARS (May 9 2018) 88.9 86.8 [86.1,87.4] 2.1 30 0
31 Bert-Large+Adv. Train 88.6 86.5[85.9,87.2] 2.0 31 0
32 Reinforced Mnemonic Reader (ensemble model) 88.5 86.5 [85.8,87.1] 2.1 32 0
33 AttentionReader+ (ensemble) 88.2 86.1[85.5,86.8] 2.1 35 -2
34 Reinforced Mnemonic Reader + A2D 88.1 85.7 [85.1, 86.4] 2.4 38 -4
35 Reinforced Mnemonic Reader + A2D + DA 88.1 86.2 [85.5, 86.8] 1.9 33 2
36 BERT-COMPOUND-DSS 88.0 85.8[85.1,86.4] 22 37 -1
37 HierAtt 87.8 86.8 [86.2, 87.4] 1.0 29 8
38 BERT-Multi-Finetune 87.7 86.2 [85.5,86.8] 1.5 34 4
39 BiDAF + Self Attention + ELMo (ensemble) 87.4 85.1[84.4,858] 2.4 42 -3
40 AVIQA+ (ensemble) (aviga team) 87.3 85.9(85.3,86.6] 14 36 4
41 EAZI (ensemble) 86.9 85.1 [84.4, 85.8] 1.8 43 -2
42 MEMEN+ (Ensemble) 86.8 85.0 [84.3, 85.7] 1.8 44 -2
43 DNET (ensemble) 86.7 85.6 [84.9, 86.3] 1.1 40 3
44 BERT-INDEPENDENT 86.7 85.1 [84.5, 85.8] 1.5 41 3
45 Reinforced Mnemonic Reader 86.7 84.7 [84.0, 85.4] 1.9 45 0
46 MDReader 86.0 84.3 [83.6, 85.0] 1.7 47 -1
47 BiDAF + Self Attention + ELMo 85.9 83.8 [83.1.84.5] 2.1 50 -3
48 BiDAF + Self-Attention + ELMo 85.8 83.8 [83.1, 84.5] 2.0 51 -3
49 MDReader0 85.5 83.7 [83.0, 84.4] 1.8 53 -4
50 Conductor-net (Ensemble) 85.5 83.1[82.4,83.8] 24 59 -9
51 MEMEN+ 85.5 83.7 [82.9, 84.4] 1.8 54 -3
52 aviqa-v2 (ensemble) 85.5 84.4 [83.7, 85.1] 1.1 46 6
53 MEMEN 85.3 83.9 [83.2, 84.6] 1.5 49 4
54 Interactive AoA Reader (Ensemble) 85.3 82.3 [81.6, 83.1] 3.0 63 -9
55 EAZI 85.1 84.1(83.4, 84.8] 1.0 48 7
56 AttentionReader+ 84.9 83.8 [83.1, 84.5] 1.1 52 4
57 DNET 84.9 83.4 [82.7,84.2] 1.5 55 2
58 BiDAF++ 84.9 83.4[82.6,84.11 1.5 56 2
59 MARS (Jan 23) 84.7 83.3[82.6, 84.0] 1.4 57 2
60 FRC 84.6 83.3[82.6,84.0] 1.3 58 2
61 Jenga (ensemble) 84.5 82.9 [82.1, 83.6] 1.6 61 0
62 RaSoR + TR + LM 84.2 83.1 [82.4, 83.8] 1.1 60 2
63 gqa 83.9 82.3[81.6,83.1] 1.6 64 -1
64 FusionNet 83.9 82.5[81.8, 83.2] 1.4 62 2
65 AVIQA-v2 83.3 81.8 [81.1,82.5] 1.5 68 -3
66 DCN+ 83.1 81.8 [81.1, 82.6] 1.3 67 -1
67 Jenga 82.8 80.1[79.3,809] 2.7 76 -9
68 Mixed model (ensemble) 82.8 81.6 [80.8, 82.3] 1.2 70 -2
69 two-attention-self-attention (ensemble) 82.7 81.9(81.2,82.7] 0.8 65 4
70 MEMEN (Ensemble, original model in paper) 82.7 81.4 [80.7, 82.2] 1.2 71 -1
71 ReasoNet (Ensemble) 82.6 81.3[80.5,82.0] 1.3 72 -1
72 eeAttNet 82.5 81.9[81.1,82.6] 0.6 66 6
73 Mnemonic Reader (Ensemble) 82.4 81.6 [80.8,82.3] 0.8 69 4
74 Conductor-net 81.9 81.2[80.4,81.9] 0.8 73 1
75 Interactive AoA Reader 81.9 80.0[79.3, 80.8] 1.9 78 -3
76 Jenga 81.8 80.2 [79.4, 80.9] 1.6 75 1
77 BiDAF + Self Attention 81.0 79.8 [79.1, 80.6] 1.2 79 -2
78 two-attention-self-attention 81.0 80.0 [79.3, 80.8] 1.0 77 1
79 AVIQA 80.5 80.3[79.5,81.1] 0.3 74 5
80 attention+self-attention 80.5 79.4 [78.6, 80.2] 1.1 81 -1
81 Smarnet 80.2 78.8 [78.0, 79.6] 1.4 86 -5
82 Mnemonic Reader 80.1 79.5[78.7,80.3] 0.7 80 2
83 MAMCN 79.9 79.2[78.4,80.0] 0.7 82 1
84 M-NET 79.8 78.8 [78.1, 79.6] 1.0 85 -1
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New Wikipedia F1 Score Summary

Rank Name SQuAD New Wikipedia  Gap Rank A Rank
85 JNet 79.8 79.0[78.3,79.8] 0.8 83 2
86 Ruminating Reader 79.5 78.9[78.1,79.7] 0.6 84 2
87 ReasoNet 79.4 78.4[77.6,79.2] 1.0 87 0
88 RaSoR 78.7 77.2[76.4,78.1] 1.5 89 -1
89 SimpleBaseline 78.2 77.4176.6,78.2] 0.9 88 1
90 AllenNLP BiDAF 77.2 76.5[75.7,71.3] 0.7 93 -3
91 Match-LSTM w/ Ans-Ptr (Ensemble) 77.0 76.675.8,77.5] 04 91 0
92 Iterative Co-Attention Network 76.8 76.876.0,77.6] 0.0 90 2
93 BIDAF-COMPOUND-DSS 76.4 75.6 [74.8,76.4] 0.8 94 -1
94 BIDAF-INDEPENDENT-DSS 76.3 76.6 [75.7,77.4] -0.2 92 2
95 BIDAF-INDEPENDENT 74.6 74.773.8,75.5]  -0.1 96 -1
96 BIDAF-COMPOUND 74.6 749 [74.1,75.8] -0.4 95 1
97 Match-LSTM w/ Bi-Ans-Ptr Boundary 73.7 73.41(72.5,743] 03 97 0
98 OTF dict+spelling 73.1 73.1[72.2,74.0] -0.0 98 0
99 OTF spelling 72.0 725(71.6,734]  -0.5 99 0
100 OTF spelling+lemma 72.0 72.1[71.2,72.9] -0.1 100 0
101 RQA+IDR 71.4 67.6[66.7,68.5] 3.8 102 -1
102 Dynamic Chunk Reader 71.0 70.6 [69.7,71.5] 0.3 101 1
103 UQA 64.0 62.1[61.1,63.0] 2.0 103 0
104 UnsupervisedQA V1 54.7 54.1[53.1,55.0] 0.7 104 0

Table 6: Comparison of model F1 scores on the original SQuAD test set and our New York Times test set . Rank refers to
the relative ordering using the original SQuAD v1.1 F1 scores, new rank refers to the ordering using the new test set scores,
and A rank is the relative difference in ranking. The confidence intervals are 95% Student’s t-intervals. Unless noted, all
models are single models.

NYT F1 Score Summary

Rank Name SQuAD NYT Gap Rank A Rank
- Human-0 94.993.8,96.0] 95.0(93.9.96.1] -0.1 - -
- Human-1 94.9[93.8,96.0] 96.3[954,97.1] -14 - -
- Human-2 95.6 [94.5,96.6] 93.7(92.4,95.0] 1.9 - -
1 XLNet 95.1 84.4 [84.0,84.9] 10.7 34 -33
2 XLNET-123 94.9 92.892.3,93.2] 2.2 3 -1
3 XLNET-123++ 94.9 92.9[92.5,93.3] 2.0 2 1
4 Delphi 94.7 93.4[93.0, 93.8] 1.3 1 3
5 SpanBERT 94.6 92.41[92.0,92.8] 22 4 1
6 BERT+WWM+MT 94 .4 89.4 [88.9, 89.9] 5.0 11 -5
7 BERT-cased-whole-word 93.4 91.7 [91.3, 92.2] 1.7 5 2
8 Tuned BERT-1seq Large Cased 93.3 90.8 [90.3,91.3] 25 7 1
9 InfoWord (large) 93.1 91.1[90.7,91.6] 2.0 6 3
10 BERT-Large Baseline 92.7 90.6 [90.1,91.1] 2.1 8 2
11 BERT+MT 92.6 88.3[87.7,88.8] 4.4 22 -11
12 Tuned BERT Large Cased 92.6 90.5 [90.0, 91.0] 2.1 10 2
13 DPN 92.0 88.8 [88.3, 89.4] 32 14 -1
14 ST_bl 92.0 88.9 [88.3, 89.4] 3.1 13 1
15 BERT-uncased 91.9 88.9 [88.4, 89.5] 3.0 12 3
16 EL-BERT 91.8 88.5[88.0, 89.1] 33 18 -2
17 BISAN 91.8 88.4 [87.9, 89.0] 33 19 -2
18 BERT+Sparse-Transformer 91.6 88.3 [87.8, 88.9] 33 20 -2
19 InfoWord (base) 914 88.6 [88.0,89.1] 2.8 16 3
20 InfoWord-Base 91.4 88.6 [88.0, 89.1] 2.8 17 3
21 InfoWord BERT baseline (large) 91.3 90.6 [90.1,91.1] 0.7 9 12
22 Original BERT Large Cased 91.3 88.6 [88.1, 89.2] 2.6 15 7
23 Common-sense Governed BERT-123 (May 8 2019) 91.1 88.2 [87.7, 88.8] 2.8 23 0
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NYT F1 Score Summary

Rank Name SQuAD NYT Gap Rank A Rank
24 InfoWord BERT baseline (base) 90.9 88.3 [87.7, 88.8] 2.6 21 3
25 Common-sense Governed BERT-123 90.6 87.4 [86.8, 88.0] 3.2 24 1
26 MARS (ensemble, June 20 2018) 89.8 86.2 [85.6,86.8] 3.6 25 1
27 MARS 89.5 83.3[82.6,83.9] 6.3 44 -17
28 MARS (June 21 2018) 89.2 85.1[84.5,85.7] 4.1 30 -2
29 MMIPN 88.9 86.0 [85.4,86.6] 3.0 28 1
30 MARS (May 9 2018) 88.9 84.9[84.3,85.6] 3.9 31 -1
31 Bert-Large+Adyv. Train 88.6 85.8[85.2,86.4] 2.8 29 2
32 Reinforced Mnemonic Reader (ensemble model) 88.5 84.1[83.4, 84.7] 4.4 36 -4
33 AttentionReader+ (ensemble) 88.2 84.7 [84.1, 85.3] 3.5 33 0
34 Reinforced Mnemonic Reader + A2D 88.1 84.0 [83.4, 84.6] 4.1 39 -5
35 Reinforced Mnemonic Reader + A2D + DA 88.1 84.0 [83.4, 84.7] 4.1 37 -2
36 BERT-COMPOUND-DSS 88.0 84.8[84.2,854] 3.2 32 4
37 BERT-COMPOUND 87.8 84.3[83.7,84.9] 3.5 35 2
38 HierAtt 87.8 86.1 [85.5, 86.7] 1.7 27 11
39 BERT-Multi-Finetune 87.7 86.1 [85.5, 86.7] 1.6 26 13
40 BiDAF + Self Attention + ELMo (ensemble) 87.4 84.0 [83.4, 84.7] 34 38 2
41 AVIQA+ (ensemble) (aviqa team) 87.3 83.7 [83.1, 84.4] 3.6 41 0
42 EAZI (ensemble) 86.9 83.8 [83.2,84.5] 3.1 40 2
43 MEMEN+ (Ensemble) 86.8 81.9 [81.3,82.6] 4.9 51 -8
44 DNET (ensemble) 86.7 83.5(82.8,84.2] 3.2 42 2
45 BERT-INDEPENDENT 86.7 83.5[82.8,84.11 3.2 43 2
46 Reinforced Mnemonic Reader 86.7 82.6 [81.9, 83.2] 4.1 49 -3
47 MDReader 86.0 82.9[82.3,83.6] 3.1 45 2
48 BiDAF + Self Attention + ELMo 85.9 82.7[82.0,83.4] 3.2 47 1
49 BiDAF + Self-Attention + ELMo 85.8 82.7[82.0,83.4] 3.1 46 3
50 MDReader0 85.5 82.6[82.0,83.3] 2.9 48 2
51 Conductor-net (Ensemble) 85.5 79.9 [79.2, 80.6] 5.6 61 -10
52 MEMEN+ 85.5 81.0[80.3,81.6] 4.5 54 -2
53 MEMEN 85.3 80.7 [80.0, 81.4] 4.7 57 -4
54 Interactive AoA Reader (Ensemble) 85.3 78.7(78.0,79.4] 6.6 67 -13
55 EAZI 85.1 82.1[81.4,82.8] 3.1 50 5
56 AttentionReader+ 84.9 81.0 [80.3, 81.6] 4.0 55 1
57 DNET 84.9 81.6 [80.9,82.3] 3.3 52 5
58 BiDAF++ 84.9 81.4[80.7,82.1] 3.5 53 5
59 MARS (Jan 23) 84.7 80.2[79.5,80.9] 4.6 60 -1
60 FRC 84.6 80.3[79.6,80.9] 4.3 58 2
61 Jenga (ensemble) 84.5 79.8 [79.1, 80.5] 4.7 62 -1
62 RaSoR + TR + LM 84.2 80.8 [80.1,81.5] 34 56 6
63 gqa 83.9 78.4[77.7,79.2] 5.5 70 -7
64 FusionNet 83.9 78.9(78.2,79.7] 5.0 64 0
65 AVIQA-v2 83.3 80.3[79.5,81.0] 3.1 59 6
66 DCN+ 83.1 77.0(76.2,77.7] 6.1 79 -13
67 Jenga 82.8 77.4[76.7,78.1] 5.5 76 -9
68 Mixed model (ensemble) 82.8 78.8178.1,79.5] 4.0 66 2
69 two-attention-self-attention (ensemble) 82.7 79.5[78.8, 80.2] 3.2 63 6
70 MEMEN (Ensemble, original model in paper) 82.7 78.1[77.4,78.9] 4.5 71 -1
71 ReasoNet (Ensemble) 82.6 78.5[77.7,79.2] 4.1 69 2
72 eeAttNet 82.5 78.878.1,79.6] 3.7 65 7
73 Mnemonic Reader (Ensemble) 82.4 78.5[77.7,79.2] 3.9 68 5
74 Conductor-net 81.9 77.6(76.9,78.4] 4.3 74 0
75 Interactive AoA Reader 81.9 75.8 [75.0, 76.5] 6.2 84 -9
76 Jenga 81.8 77.01(76.3,77.7] 4.7 78 -2
77 BiDAF + Self Attention 81.0 77.5[76.8,78.2] 3.5 75 2
78 two-attention-self-attention 81.0 779 1(77.2,78.7] 3.1 73 5
79 AVIQA 80.5 78.1[77.4,78.8] 2.5 72 7
80 attention-+self-attention 80.5 76.5(75.8,77.3] 3.9 80 0
81 Smarnet 80.2 749 [74.1,75.6] 5.3 88 -7
82 Mnemonic Reader 80.1 76.2 [75.5,77.0] 3.9 82 0
83 MAMCN 79.9 772[76.5,779] 2.7 77 6
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NYT F1 Score Summary

Rank Name SQuAD NYT Gap Rank A Rank
84 M-NET 79.8 75.9(75.2,76.7] 3.9 83

85 JNet 79.8 75.1[74.3,759] 4.7 86 -1
86 Ruminating Reader 79.5 76.3 [75.5,77.0] 3.2 81 5
87 ReasoNet 79.4 75.0 [74.2,75.7] 4.4 87 0
88 RaSoR 78.7 743 (73.5,75.1] 4.4 89 -1
89 SimpleBaseline 78.2 75.7[75.0, 76.5] 2.5 85 4
90 AllenNLP BiDAF 77.2 73.8[73.1,74.6] 3.3 90 0
91 Match-LSTM w/ Ans-Ptr (Ensemble) 77.0 719(71.1,72.7] 5.1 94 -3
92 Iterative Co-Attention Network 76.8 73.5(72.7,74.3] 3.3 91 1
93 BIDAF-COMPOUND-DSS 76.4 73.0[72.2,73.8] 3.5 93 0
94 BIDAF-INDEPENDENT-DSS 76.3 73.0(72.3,73.8] 3.3 92 2
95 BIDAF-INDEPENDENT 74.6 71.3[70.5,72.1] 3.3 96 -1
96 BIDAF-COMPOUND 74.6 71.4[70.6,72.2] 3.1 95 1
97 Match-LSTM w/ Bi-Ans-Ptr Boundary 73.7 68.8 [68.0, 69.6] 4.9 97 0
98 OTF dict+spelling 73.1 68.1[67.3,69.0] 4.9 100 -2
99 OTF spelling 72.0 67.066.2,679] 5.0 101 )
100 OTF spelling+lemma 72.0 66.8 [66.0,67.6] 5.2 102 -2
101 RQA+IDR 71.4 68.7 [67.9, 69.6] 2.6 98 3
102 Dynamic Chunk Reader 71.0 68.4 [67.5,69.2] 2.6 99 3
103 UQA 64.0 60.2 [59.3,61.1] 3.8 103 0
104 UnsupervisedQA V1 54.7 51.7[50.8,52.6] 3.0 104 0

Table 7: Comparison of model F1 scores on the original SQuAD test set and our Reddit test set. Rank refers to the relative
ordering using the original SQuAD v1.1 F1 scores, new rank refers to the ordering using the new test set scores, and A rank
is the relative difference in ranking. The confidence intervals are 95% Student’s t-intervals. Unless noted, all models are
single models.

Reddit F1 Score Summary

Rank Name SQuAD Reddit Gap 11;1 W A Rank
ank
Human-0 94.9[93.8,96.0] 92.41[91.1,93.7] 2.5 - -
- Human-1 94.9[93.8,96.0] 92.6[91.3,93.9] 2.3 =
- Human-2 95.6 [94.5,96.6] 91.7[90.2,93.2] 3.8 - -
1 XLNet 95.1 79.0 [78.5,79.6] 16.0 21 -20
2 XLNET-123 94.9 84.9[84.2,855] 10.1 3 -1
3 XLNET-123++ 94.9 84.8 [84.2,85.4] 10.1 4 -1
4 Delphi 94.7 88.0 [87.5,88.6] 6.7 1 3
5 SpanBERT 94.6 85.4 [84.9, 86.0] 9.2 2 3
6 BERT+WWM+MT 94 .4 83.0[82.3,83.6] 114 6 0
7 BERT-cased-whole-word 934 84.0(83.4,84.7] 94 5 2
8 Tuned BERT-1seq Large Cased 93.3 82.2[81.5,829] 11.1 8 0
9 InfoWord (large) 93.1 82.5[81.8,83.1] 10.6 7 2
10 BERT-Large Baseline 92.7 81.2[80.6,81.9] 11.5 11 -1
11 BERT+MT 92.6 81.9 [81.3,82.6] 10.7 9 2
12 Tuned BERT Large Cased 92.6 81.5[80.9,82.2] 11.1 10 2
13 DPN 92.0 80.7 [80.0, 81.4] 11.3 17 -4
14 ST_bl 92.0 80.9 [80.2,81.6] 11.1 14 0
15 BERT-uncased 91.9 80.1[79.5,80.8] 11.8 19 -4
16 EL-BERT 91.8 782 (77.5,789] 13.6 24 -8
17 BISAN 91.8 80.3 [79.6,81.0] 11.5 18 -1
18 BERT+Sparse-Transformer 91.6 81.1[80.4,81.8] 10.5 13 5
19 InfoWord (base) 91.4 78.5[77.8,79.2] 129 22 -3
20 InfoWord-Base 91.4 78.5(77.8,79.2] 129 23 -3
21 InfoWord BERT baseline (large) 91.3 81.2 [80.6,81.9] 10.1 12 9
22 Original BERT Large Cased 91.3 80.7 [80.1,81.4]  10.5 16 6
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Reddit F1 Score Summary

Rank Name SQuAD Reddit Gap Rank A Rank
23 Common-sense Governed BERT-123 (May 8 2019) 91.1 80.8 [80.2, 81.5] 10.2 15 8
24 InfoWord BERT baseline (base) 90.9 78.1(77.4,78.8] 12.8 25 -1
25 Common-sense Governed BERT-123 90.6 80.0 [79.3, 80.6] 10.7 20 5
26 MARS (ensemble, June 20 2018) 89.8 779(77.2,78.7] 11.9 26 0
27 MARS 89.5 73.5[72.8,74.3] 16.0 43 -16
28 MARS (June 21 2018) 89.2 76.2[754,76.9] 13.1 31 -3
29 MMIPN 88.9 76.6 [75.8,77.3] 124 30 -1
30 MARS (May 9 2018) 88.9 75.5(74.8,76.3] 13.3 33 -3
31 Bert-Large+Adv. Train 88.6 76.876.0,77.5] 11.8 29 2
32 Reinforced Mnemonic Reader (ensemble model) 88.5 742 1(73.4,75.0] 143 40 -8
33 AttentionReader+ (ensemble) 88.2 75.5[74.8,76.3] 12.6 32 1
34 Reinforced Mnemonic Reader + A2D 88.1 73.21(72.4,739] 150 44 -10
35 Reinforced Mnemonic Reader + A2D + DA 88.1 73.672.8,74.3] 14.6 42 -7
36 BERT-COMPOUND-DSS 88.0 75.474.7,76.2]  12.6 34 2
37 BERT-COMPOUND 87.8 74.8 [74.0,75.5] 13.0 36 1
38 HierAtt 87.8 77.476.7,78.1]  10.3 28 10
39 BERT-Multi-Finetune 87.7 77.7[77.0,78.4] 10.0 27 12
40 BiDAF + Self Attention + ELMo (ensemble) 87.4 74.5(73.8,753] 129 39 1
41 AVIQA+ (ensemble) (aviqa team) 87.3 74.7 [73.9,75.5] 12.6 37 4
42 EAZI (ensemble) 86.9 742 (73.4,75.0]  12.7 41 1
43 MEMEN+ (Ensemble) 86.8 74.6 [73.8,75.4] 12.3 38 5
44 DNET (ensemble) 86.7 75.0(74.2,75.8] 11.7 35 9
45 BERT-INDEPENDENT 86.7 729 (72.1,73.6] 13.8 45 0
46 Reinforced Mnemonic Reader 86.7 70.1[69.3,70.9] 16.5 57 -11
47 MDReader 86.0 72.0(71.2,72.8] 14.0 51 -4
48 BiDAF + Self Attention + ELMo 85.9 72.6(71.8,73.4] 13.3 47 1
49 BiDAF + Self-Attention + ELMo 85.8 72.7[71.9,73.4] 13.2 46 3
50 MDReader0 85.5 72.0(71.2,72.7] 13.6 52 -2
51 MEMEN+ 85.5 72.4[71.6,73.2] 13.1 49 2
52 MEMEN 85.3 72.5(71.7,73.3] 129 48 4
53 Interactive AoA Reader (Ensemble) 85.3 66.6 [65.8,67.4] 18.7 66 -13
54 EAZI 85.1 71.8[71.0,72.6] 13.3 53 1
55 AttentionReader+ 84.9 70.8 [70.0, 71.6] 14.1 54 1
56 DNET 84.9 72.11(71.3,72.8] 129 50 6
57 MARS (Jan 23) 84.7 69.4 [68.6,70.2] 153 59 -2
58 FRC 84.6 69.5[68.7,70.3] 15.1 58 0
59 RaSoR + TR + LM 84.2 70.6 [69.8,71.5] 13.5 56 3
60 gqa 83.9 66.3[65.5,67.2] 17.6 69 -9
61 FusionNet 83.9 69.1 [68.3,69.9] 14.8 60 1
62 AVIQA-v2 83.3 70.7 [69.9,71.5] 12.6 55 7
63 DCN+ 83.1 66.565.7,67.3] 16.6 68 -5
64 Jenga 82.8 67.766.8,68.5] 15.2 64 0
65 two-attention-self-attention (ensemble) 82.7 68.4 [67.6,69.2] 14.3 61 4
66 MEMEN (Ensemble, original model in paper) 82.7 66.6 [65.7,67.4] 16.1 67 -1
67 ReasoNet (Ensemble) 82.6 67.3[66.4,68.1] 153 65 2
68 eeAttNet 82.5 68.3[67.5,69.1] 14.2 62 6
69 Mnemonic Reader (Ensemble) 82.4 66.0 [65.2,66.8] 164 71 -2
70 Conductor-net 81.9 62.2[61.3,63.0] 19.8 81 -11
71 Interactive AoA Reader 81.9 62.7 [61.8,63.5] 19.2 78 -7
72 BiDAF + Self Attention 81.0 65.8 [65.0,66.6] 15.2 72 0
73 two-attention-self-attention 81.0 66.1 [65.3,67.0] 149 70 3
74 AVIQA 80.5 67.7 [66.8,68.5] 12.9 63 11
75 attention-+self-attention 80.5 64.7 [63.8,65.5] 15.8 74 1
76 Smarnet 80.2 59.0[58.1,59.8] 21.2 88 -12
77 Mnemonic Reader 80.1 62.2 [61.3,63.0] 18.0 82 -5
78 MAMCN 79.9 64.7 [63.8,65.5] 15.3 75 3
79 M-NET 79.8 62.2[61.4,63.1] 17.6 80 -1
80 JNet 79.8 61.0[60.1,61.8] 18.8 83 -3
81 Ruminating Reader 79.5 64.2 [63.4,65.1] 15.2 76 5
82 ReasoNet 79.4 62.5(61.7,63.4] 16.8 79 3
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Reddit F1 Score Summary

Rank Name SQuAD Reddit Gap Rank A Rank
83 SimpleBaseline 78.2 63.2 [62.3,64.0] 15.1 77 6
84 AllenNLP BiDAF 77.2 59.6 [58.7,60.4] 17.6 87 -3
85 Match-LSTM w/ Ans-Ptr (Ensemble) 77.0 64.8 [64.0,65.6] 12.2 73 12
86 Iterative Co-Attention Network 76.8 60.3[59.5,61.2] 164 86 0
87 BIDAF-INDEPENDENT-DSS 76.3 57.8[57.0,58.7] 18.5 90 -3
88 BIDAF-INDEPENDENT 74.6 58.5[57.6,59.3] 16.1 89 -1
89 BIDAF-COMPOUND 74.6 57.5[56.6,58.4] 17.0 91 -2
90 Match-LSTM w/ Bi-Ans-Ptr Boundary 73.7 60.4 [59.6,61.3] 13.3 85 5
91 OTF dict+spelling 73.1 53.8[52.9,54.6] 19.3 92 -1
92 OTF spelling 72.0 52.8[51.9,53.6] 19.3 93 -1
93 OTF spelling+lemma 72.0 51.4 [50.5,52.3] 20.6 94 -1
94 RQA+IDR 714 60.7 [59.8,61.5] 10.7 84 10
95 UQA 64.0 48.2[47.3,49.1] 15.8 96 -1
96 UnsupervisedQA V1 54.7 49.8 [48.9,50.7] 4.9 95 1

Table 8: Comparison of model F1 scores on the original SQuAD test set and our Amazon test set. Rank refers to the relative
ordering using the original SQuAD v1.1 F1 scores, new rank refers to the ordering using the new test set scores, and A rank
is the relative difference in ranking. The confidence intervals are 95% Student’s t-intervals. Unless noted, all models are
single models.

Amazon F1 Score Summary

New

Rank Name SQuAD Amazon Gap Rank A Rank
- Human-0 94.9(93.8,96.0] 92.6(91.3,93.9] 23 - -
- Human-1 94.9[93.8,96.0] 92.41[91.1,93.7] 2.5 - -
- Human-2 95.6 [94.5,96.6] 91.2[89.6,92.8] 44 - -
1 XLNet 95.1 81.7 [81.1,82.2] 134 7 -6
2 XLNET-123 94.9 85.7185.1,86.3] 9.2 3 -1
3 XLNET-123++ 94.9 87.2[86.7,87.7] 1.7 2 1
4 Delphi 94.7 87.7187.2,88.3] 6.9 1 3
5 SpanBERT 94.6 84.8 [84.2,85.3] 9.9 4 1
6 BERT+WWM+MT 94.4 81.6 [81.0,82.3] 12.8 8 -2
7 BERT-cased-whole-word 934 82.9(82.2,83.5] 10.6 5 2
8 Tuned BERT-1seq Large Cased 93.3 82.5[81.9,83.2] 10.8 6 2
9 InfoWord (large) 93.1 81.5[80.8,82.1] 11.6 9 0
10 BERT-Large Baseline 92.7 80.8 [80.2,81.5] 11.9 10 0
11 BERT+MT 92.6 80.2 [79.5,80.8] 12.5 13 -2
12 Tuned BERT Large Cased 92.6 80.3[79.6,81.0] 12.3 12 0
13 DPN 92.0 79.3 [78.6,80.0] 12.7 18 -5
14 ST_bl 92.0 79.6 [79.0,80.3] 12.3 16 -2
15 BERT-uncased 91.9 79.9[79.3,80.6] 12.0 15 0
16 EL-BERT 91.8 77276.4,779] 14.7 24 -8
17 BISAN 91.8 79.2 [78.5,79.9] 12.6 19 -2
18 BERT+Sparse-Transformer 91.6 80.0[79.3,80.6] 11.6 14 4
19 InfoWord (base) 91.4 78.0(77.3,78.7] 13.4 23 -4
20 InfoWord-Base 914 78.0(77.3,78.7] 13.3 22 2
21 InfoWord BERT baseline (large) 91.3 80.8 [80.2,81.5] 10.5 11 10
22 Original BERT Large Cased 91.3 79.4(78.7,80.0] 119 17 5
23 Common-sense Governed BERT-123 (May 8 2019) 91.1 79.0 [78.3,79.7] 12.1 20 3
24 InfoWord BERT baseline (base) 90.9 77.1176.4,77.8] 13.8 25 -1
25 Common-sense Governed BERT-123 90.6 78.5[77.8,79.2] 12.1 21 4
26 MARS (ensemble, June 20 2018) 89.8 73.5(72.8,74.3]  16.2 32 -6
27 MARS 89.5 68.6 [67.8,69.4] 20.9 54 =27
28 MARS (June 21 2018) 89.2 72.01(71.2,72.7) 173 34 -6
29 MMIPN 88.9 75.0[74.3,75.7] 14.0 29 0
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Amazon F1 Score Summary

Rank Name SQuAD Amazon Gap Rank A Rank
30 MARS (May 9 2018) 88.9 71.4[70.6,72.11 17.5 37 -7
31 Bert-Large+Adyv. Train 88.6 76.075.3,76.7] 12.6 26 5
32 Reinforced Mnemonic Reader (ensemble model) 88.5 70.1[69.3,70.9] 18.4 44 -12
33 AttentionReader+ (ensemble) 88.2 71.3[70.5,72.1] 16.8 38 -5
34 Reinforced Mnemonic Reader + A2D 88.1 69.4(68.6,70.2] 18.7 46 -12
35 Reinforced Mnemonic Reader + A2D + DA 88.1 70.0 [69.2,70.8] 18.1 45 -10
36 BERT-COMPOUND-DSS 88.0 74.2(73.5,75.0] 13.8 30 6
37 BERT-COMPOUND 87.8 73.6 [72.8,74.3] 14.2 31 6
38 HierAtt 87.8 75.7(75.0,76.4] 121 27 11
39 BERT-Multi-Finetune 87.7 75.4[74.7,76.11 12.3 28 11
40 BiDAF + Self Attention + ELMo (ensemble) 87.4 70.8 [70.0,71.6] 16.7 39 1
41 AVIQA+ (ensemble) (aviga team) 87.3 72.1[71.3,72.8] 152 33 8
42 EAZI (ensemble) 86.9 70.6 [69.8,71.4] 16.3 40 2
43 EAZI+ (ensemble) 86.9 70.6 [69.8,71.4] 163 41 2
44 MEMEN+ (Ensemble) 86.8 70.3[69.6,71.11 16.5 42 2
45 DNET (ensemble) 86.7 72.0[71.2,72.7] 14.8 35 10
46 BERT-INDEPENDENT 86.7 71.8[71.0,72.5] 14.9 36 10
47 Reinforced Mnemonic Reader 86.7 66.6 [65.8,67.4] 20.1 62 -15
48 FusionNet (ensemble) 86.0 68.6 [67.8,69.4] 174 55 -7
49 MDReader 86.0 67.7 [66.9, 68.5] 18.3 57 -8
50 BiDAF + Self Attention + ELMo 85.9 69.2 [68.3,70.0] 16.7 48 2
51 BiDAF + Self-Attention + ELMo 85.8 69.1 [68.3,69.9] 16.7 49 2
52 MDReader0 85.5 67.766.9,68.5] 17.8 58 -6
53 BiDAF++ with pair2vec 85.5 69.3 [68.5,70.1] 16.2 47 6
54 Conductor-net (Ensemble) 85.5 62.3[61.5,63.2] 232 76 -22
55 MEMEN+ 85.5 68.767.9,69.5] 16.8 52 3
56 aviqa-v2 (ensemble) 85.5 70.3[69.5,71.1] 152 43 13
57 MEMEN 85.3 69.0 [68.2,69.8] 16.4 50 7
58 Interactive AoA Reader (Ensemble) 85.3 63.0[62.2,63.9] 223 72 -14
59 EAZI 85.1 68.267.4,69.1] 16.9 56 3
60 AttentionReader+ 84.9 66.6 [65.7,67.4] 18.4 63 -3
61 DNET 84.9 69.0 [68.2,69.8] 15.9 51 10
62 BiDAF++ 84.9 68.7167.9,69.5] 162 53 9
63 MARS (Jan 23) 84.7 64.3 [63.5,65.2] 204 67 -4
64 FRC 84.6 64.2 [63.3,65.0] 204 69 -5
65 Jenga (ensemble) 84.5 66.765.9,67.5] 17.8 60 5
66 RaSoR + TR + LM 84.2 66.6 [65.8,67.4] 17.5 61 5
67 gqa 83.9 63.0[62.1,63.9] 20.9 73 -6
68 FusionNet 83.9 66.0 [65.2,66.9] 179 64 4
69 Smarnet (Ensemble) 83.5 62.2[61.3,63.0] 21.3 77 -8
70 AVIQA-v2 83.3 67.766.9,68.5] 15.6 59 11
71 DCN+ 83.1 62.9[62.0,63.7] 20.2 74 -3
72 Jenga 82.8 64.163.3,65.0] 18.7 70 2
73 Mixed model (ensemble) 82.8 62.2 [61.3,63.0] 20.6 78 -5
74 two-attention-self-attention (ensemble) 82.7 63.6 [62.7,64.4] 19.1 71 3
75 MEMEN (Ensemble, original model in paper) 82.7 61.6 [60.7,62.4] 21.1 79 -4
76 ReasoNet (Ensemble) 82.6 62.7(61.8,63.5] 199 75 1
77 eeAttNet 82.5 65.5[64.7,66.3] 17.0 65 12
78 Mnemonic Reader (Ensemble) 82.4 60.1[59.3,61.0] 223 83 -5
79 Conductor-net 81.9 59.9 [59.1,60.7] 22.0 86 -7
80 Interactive AoA Reader 81.9 60.1[59.2,60.9] 219 85 -5
81 Jenga 81.8 64.9 [64.1,65.7] 16.9 66 15
82 SSAE (Ensemble) 81.7 59.9(59.0,60.7] 21.8 87 -5
83 JNet (Ensemble) 81.5 58.8 [58.0,59.71 22.7 91 -8
84 BiDAF + Self Attention 81.0 61.2[60.4,62.1] 19.8 81 3
85 two-attention-self-attention 81.0 61.5[60.7,62.4] 19.5 80 5
86 AVIQA 80.5 64.2 [63.4,65.0] 164 68 18
87 attention+self-attention 80.5 60.1 [59.2,60.9] 204 84 3
88 Smarnet 80.2 56.9 [56.0,57.7] 23.3 98 -10
89 Mnemonic Reader 80.1 56.9 [56.0,57.7] 233 97 -8
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Rank Name SQuAD Amazon Gap Rank A Rank
90 MAMCN 79.9 60.1[59.3,61.0] 19.8 82 8
91 M-NET 79.8 57.8[57.0,58.7] 22.0 92 -1
92 JNet 79.8 56.7 [55.8,57.5] 23.1 99 -7
93 Ruminating Reader 79.5 58.9 [58.0, 59.8] 20.6 90 3
94 ReasoNet 79.4 57.8[56.9,58.6] 21.6 94 0
95 RaSoR 78.7 57.6 [56.8,58.5] 21.1 96 -1
96 SimpleBaseline 78.2 57.856.9,58.6] 20.5 93 3
97 PQMN 77.8 57.6 [56.8,58.5] 20.1 95 2
98 AllenNLP BiDAF 77.2 56.2[55.3,57.0] 21.0 100 2
99 Match-LSTM w/ Ans-Ptr (Ensemble) 77.0 59.0 [58.2,59.9] 18.0 89 10
100 Iterative Co-Attention Network 76.8 54.7[53.8,55.5] 22.1 103 -3
101 BIDAF-COMPOUND-DSS 76.4 54,7 [53.9,55.6] 21.7 102 -1
102 BIDAF-INDEPENDENT-DSS 76.3 54.7(53.8,55.5] 21.7 104 2
103 BIDAF-INDEPENDENT 74.6 54.4 [53.6,55.3] 20.2 105 -2
104 BIDAF-COMPOUND 74.6 53.7[52.8,54.5] 20.9 106 -2
105 Match-LSTM w/ Bi-Ans-Ptr Boundary 73.7 55.6 [54.7,56.4] 18.2 101 4
106 OTF dict+spelling 73.1 49.4 [48.5,50.3] 23.7 108 -2
107 OTF spelling 72.0 47.0[46.1,47.9] 25.0 109 -2
108 OTF spelling+lemma 72.0 46.5[45.6,47.3] 255 110 -2
109 RQA+IDR 71.4 59.5[58.7,60.4] 11.9 88 21
110 Dynamic Chunk Reader 71.0 51.7150.9,52.6] 19.2 107 3
111 UQA 64.0 46.0 [45.1,46.9] 18.0 111 0
112 UnsupervisedQA V1 54.7 45.0 [44.1,458] 9.8 112 0

Table 9: Comparison of model EM scores on the original SQuAD test set and our new Wikipedia test set. Rank refers to the
relative ordering using the original SQuAD v1.1 EM scores, new rank refers to the ordering using the new test set scores,
and A rank is the relative difference in ranking. The confidence intervals are 95% Clopper-Pearson intervals. Unless noted,
all models are single models.

New Wiki EM Score Summary

New

Rank Name SQuAD New Wiki Gap Rank A Rank
- Human-0 89.1[87.1,91.0] 82.6[80.0,85.0] 6.6 - -
- Human-1 88.7 [86.6,90.6] 83.2[80.6,85.6] 5.5 - -
- Human-2 90.5[88.5,92.2] 85.4[829,87.6] 5.1 - -
1 XLNet 89.9 84.2[83.3,85.0] 5.7 1 0
2 XLNET-123++ 89.9 83.4[82.6,84.2] 64 5 -3
3 XLNET-123 89.6 83.5(82.7.84.3] 6.1 3 0
4 Delphi 89.6 84.0[83.1,84.8] 5.6 2 2
5 SpanBERT 88.8 83.5[82.7,843] 53 4 1
6 BERT+WWM-+MT 88.7 83.2[82.3,84.0] 5.5 6 0
7 Tuned BERT-1seq Large Cased 87.5 82.1[81.3,83.0] 5.3 9 -2
8 InfoWord (large) 87.3 82.2[81.4,83.0] 5.1 8 0
9 BERT-cased-whole-word 87.1 82.3[81.5,83.2] 4.8 7 2
10 BERT-Large Baseline 86.6 81.8[80.9,82.6] 49 11 -1
11 Tuned BERT Large Cased 86.5 81.4 [80.5,82.2] 5.1 12 -1
12 BERT+MT 86.5 80.9 [80.0,81.8] 5.6 13 -1
13 ST_bl 85.4 79.9 [79.0, 80.7] 5.6 16 -3
14 EL-BERT 85.3 80.1[79.2,81.0] 5.2 14 0
15 BISAN 85.3 79.6 [78.7,80.5] 5.7 21 -6
16 BERT+Sparse-Transformer 85.1 79.8[78.9,80.7] 5.3 17 -1
17 DPN 85.0 79.7[78.8,80.6] 5.3 20 -3
18 BERT-uncased 84.9 79.2[78.3,80.1] 5.7 23 -5
19 InfoWord-Base 84.7 79.8 [78.9,80.7] 4.9 19 0
20 InfoWord (base) 84.7 79.8[78.9,80.7] 4.9 18 2
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Rank Name SQuAD New Wiki Gap Rank A Rank
21 InfoWord BERT baseline (base) 84.4 79.3[78.4,80.2] 5.2 22 -1
22 Original BERT Large Cased 84.3 80.1[79.2,80.9] 4.3 15 7
23 InfoWord BERT baseline (large) 84.3 81.8 [80.9, 82.6] 2.5 10 13
24 MARS (ensemble, June 20 2018) 84.0 79.1[78.2,80.0] 4.9 24 0
25 Common-sense Governed BERT-123 83.9 78.3([77.4,79.2] 5.6 25 0
26 MARS 83.2 75.874.8,76.7] 1.4 35 -9
27 MARS (June 21 2018) 83.1 78.1[77.2,79.01 5.0 27 0
28 Common-sense Governed BERT-123 (May 8§ 2019) 82.9 782 1(77.3,79.1] 4.7 26 2
29 MARS (May 9 2018) 82.6 77.2[76.2,78.1] 5.4 28 1
30 Reinforced Mnemonic Reader (ensemble model) 82.3 76.9(76.0,779] 5.3 29 1
31 AttentionReader+ (ensemble) 81.8 76.3[753,77.2] 5.5 31 0
32 MMIPN 81.6 76.875.9,77.8] 4.7 30 2
33 Reinforced Mnemonic Reader + A2D 81.5 75.2[74.2,76.1] 6.3 39 -6
34 Reinforced Mnemonic Reader + A2D + DA 814 76.1[75.1,77.0] 5.3 33 1
35 BERT-COMPOUND-DSS 81.0 75.8[74.8,76.7] 5.3 34 1
36 BiDAF + Self Attention + ELMo (ensemble) 81.0 75.1[74.2,76.1] 5.9 41 -5
37 AVIQA+ (ensemble) (aviga team) 80.6 76.1[75.1,77.0] 4.5 32 5
38 EAZI (ensemble) 80.4 752 174.2,76.1] 5.3 40 -2
39 MEMEN+ (Ensemble) 80.4 75.1[74.1,76.0] 5.3 42 -3
40 DNET (ensemble) 80.2 75.6 [74.7,76.6] 4.5 37 3
41 Bert-Large+Adv. Train 80.1 74.8[73.9,75.8] 5.2 43 -2
42 HierAtt 79.7 75.7(74.8,76.7] 4.0 36 6
43 Reinforced Mnemonic Reader 79.5 74.5(73.5,75.4] 5.1 44 -1
44 BERT-Multi-Finetune 79.5 75.5(74.5,76.4] 4.0 38 6
45 MDReader 79.0 73.5[72.5,745] 5.5 50 -5
46 BERT-INDEPENDENT 78.7 73.9[72.9,74.9] 4.8 46 0
47 BiDAF + Self Attention + ELMo 78.6 73.2[722,742] 5.3 53 -6
48 BiDAF + Self-Attention + ELMo 78.6 73.2(72.3,74.2] 5.3 52 -4
49 aviga-v2 (ensemble) 78.5 T4.4 (734,753 4.1 45 4
50 Conductor-net (Ensemble) 78.4 727 1(71.7,73.7) 5.7 57 -7
51 MEMEN 78.2 73.7(72.7,74.6] 4.6 48 3
52 MEMEN+ 78.2 73.1[72.1,74.1] 5.1 54 -2
53 MDReaderQ 78.2 73.0[72.0,74.0] 5.2 56 -3
54 EAZI 78.0 73.5(72.5,74.4] 4.5 51 3
55 Interactive AoA Reader (Ensemble) 77.8 72.0[71.0,73.0] 5.9 63 -8
56 DNET 77.6 7271(71.77,73.7] 4.9 58 -2
57 RaSoR + TR + LM 77.6 73.8[72.8,74.7] 3.8 47 10
58 BiDAF++ 77.6 7271(71.77,73.7] 4.9 59 -1
59 AttentionReader+ 77.3 73.5[72.5, 74.5] 3.8 49 10
60 Jenga (ensemble) 77.2 72.7171.7,73.7] 4.6 60 0
61 gqa 77.1 73.1[72.1,74.0] 4.0 55 6
62 MARS (Jan 23) 76.9 722(71.2,73.2] 4.6 62 0
63 FRC 76.2 72.3([71.3,73.3] 3.9 61 2
64 FusionNet 76.0 71.3[70.3,72.3] 4.6 65 -1
65 AVIQA-v2 75.9 71.2[70.1,72.1] 4.8 68 -3
66 MEMEN (Ensemble, original model in paper) 75.4 709 [69.9,71.9] 4.5 70 -4
67 Mixed model (ensemble) 75.3 71.0[70.0,72.0] 4.3 69 -2
68 two-attention-self-attention (ensemble) 75.2 71.21(70.2,72.2 4.0 67 1
69 DCN+ 75.1 71.4[70.4,72.4] 3.7 64 5
70 ReasoNet (Ensemble) 75.0 70.6 [69.6,71.6] 4.4 71 -1
71 eeAttNet 74.6 71.2[70.2,72.2 34 66 5
72 Jenga 74.4 68.7[67.6,69.7] 5.7 75 -3
73 Mnemonic Reader (Ensemble) 74.3 70.6 [69.6,71.6] 3.6 72 1
74 Interactive AoA Reader 73.6 68.6 [67.6,69.7] 5.0 76 -2
75 Jenga 73.3 68.4[67.4,69.5] 4.9 78 -3
76 Conductor-net 73.2 69.3[68.3,70.3] 4.0 74 2
77 two-attention-self-attention 72.6 68.6 [67.5,69.6] 4.0 77 0
78 AVIQA 72.5 69.7 [68.7,70.7] 2.8 73 5
79 BiDAF + Self Attention 72.1 68.4[67.4,69.4] 3.7 79 0
80 attention+self-attention 71.7 67.9 [66.8, 68.9] 3.8 80 0
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Rank Name SQuAD New Wiki Gap Rank A Rank
81 Smarnet 71.4 67.1 [66.0,68.1] 4.3 83 -2
82 M-NET 71.0 66.9 [65.9,679] 4.1 85 -3
83 Mnemonic Reader 71.0 67.5 [66.5, 68.6] 3.4 82 1
84 MAMCN 71.0 67.866.7,68.8] 3.2 81 3
85 RaSoR 70.8 66.9 [65.8,679] 4.0 87 -2
86 Ruminating Reader 70.6 67.0[66.0,68.1] 3.6 84 2
87 JNet 70.6 66.9 [65.9,67.9] 3.7 86 1
88 ReasoNet 70.6 66.3[65.2,67.3] 43 88 0
89 SimpleBaseline 69.6 65.6 [64.5,60.6] 4.0 89 0
90 Match-LSTM w/ Ans-Ptr (Ensemble) 67.9 64.8 [63.7, 65.8] 3.1 90 0
91 AllenNLP BiDAF 67.6 64.7 [63.6,65.7] 3.0 91 0
92 BIDAF-COMPOUND-DSS 67.5 64.1 [63.1,652] 34 93 -1
93 Iterative Co-Attention Network 67.5 64.7[63.6,65.7] 29 92 1
94 BIDAF-INDEPENDENT-DSS 66.5 63.9[62.8,649] 2.6 94 0
95 BIDAF-COMPOUND 65.2 63.1[62.0,64.2] 2.0 95 0
96 BIDAF-INDEPENDENT 64.9 62.6 [61.5,63.7] 2.3 96 0
97 Match-LSTM w/ Bi-Ans-Ptr Boundary 64.7 61.1 [60.0, 62.2] 3.6 98 -1
98 OTF dict+spelling 64.1 61.3[60.3,62.4] 2.7 97 1
99 OTF spelling 62.9 60.6 [59.5,61.6] 2.3 99 0
100 OTF spelling+lemma 62.6 60.1 [59.0,61.2] 2.5 100 0
101 Dynamic Chunk Reader 62.5 59.3 [58.2, 60.4] 3.2 101 0
102 RQA+IDR 61.1 54.7 [53.6, 55.8] 6.5 102 0
103 UQA 53.7 48.8 [47.7,49.9] 4.9 103 0
104 UnsupervisedQA V1 44.2 40.4(39.3,41.5] 3.8 104 0

Table 10: Comparison of model EM scores on the original SQuAD test set and our New York Times test set. Rank refers to
the relative ordering using the original SQUAD v1.1 EM scores, new rank refers to the ordering using the new test set scores,
and A rank is the relative difference in ranking. The confidence intervals are 95% Clopper-Pearson intervals. Unless noted,
all models are single models.

NYT EM Score Summary
New

Rank Name SQuAD NYT Gap Rank A Rank
- Human-0 89.1[87.1,91.0] 86.0[83.6,83.1] 3.2 - -
- Human-1 88.7 [86.6,90.6] 88.5[86.3,90.5] 0.2 - -
- Human-2 90.5 [88.5,92.2 85.8 [83.4,87.9] 4.7 - -
1 XLNet 89.9 50.9[50.0,51.9] 38.9 102 -101
2 XLNET-123++ 89.9 85.9 [85.2, 86.6] 3.9 3 -1
3 XLNET-123 89.6 86.0 [85.3,86.7] 3.7 2 1
4 Delphi 89.6 86.9 [86.3,87.6] 2.7 1 3
5 SpanBERT 88.8 85.3 [84.6,86.01 3.5 4 1
6 BERT+WWM+MT 88.7 79.4 [78.6, 80.2] 9.2 21 -15
7 Tuned BERT-1seq Large Cased 87.5 83.5([82.8,84.2] 4.0 7 0
8 InfoWord (large) 87.3 83.8 [83.1, 84.5] 3.5 5 3
9 BERT-cased-whole-word 87.1 83.8 [83.1, 84.5] 3.3 6 3
10 BERT-Large Baseline 86.6 83.0(82.2, 83.7] 3.7 9 1
11 Tuned BERT Large Cased 86.5 82.8 [82.1, 83.6] 3.7 10 1
12 BERT+MT 86.5 78.6(77.8,794] 1.8 25 -13
13 ST_bl 85.4 80.5[79.7.81.3] 4.9 13 0
14 EL-BERT 85.3 80.3[79.5,81.0] 5.1 16 -2
15 BISAN 85.3 80.1 [79.3,80.8] 5.3 19 -4
16 BERT+Sparse-Transformer 85.1 79.7 [78.9, 80.5] 54 20 -4
17 DPN 85.0 80.2[79.4,80.9] 4.8 18 -1
18 BERT-uncased 84.9 80.4[79.6,81.1] 4.5 15 3
19 InfoWord-Base 84.7 80.6 [79.8,81.4] 4.1 11 8
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NYT EM Score Summary

Rank Name SQuAD NYT Gap RN;T;; A Rank
20 InfoWord (base) 84.7 80.6 [79.8, 81.4] 4.1 12 8
21 InfoWord BERT baseline (base) 84.4 80.5 [79.7, 81.3] 3.9 14 7
22 Original BERT Large Cased 84.3 80.2 [79.4, 81.0] 4.1 17 5
23 InfoWord BERT baseline (large) 84.3 83.0[82.2, 83.7] 1.3 8 15
24 MARS (ensemble, June 20 2018) 84.0 78.7177.9,79.5] 53 24 0
25 Common-sense Governed BERT-123 83.9 79.1 [78.3, 79.9] 4.8 22 3
26 MARS 83.2 74.5(73.6,753] 8.7 42 -16
27 MARS (June 21 2018) 83.1 77.1[76.3,779] 6.0 27 0
28 Common-sense Governed BERT-123 (May 8 2019) 82.9 78.7177.9,79.5] 4.2 23 5
29 MARS (May 9 2018) 82.6 76.875.9,77.6] 5.8 29 0
30 Reinforced Mnemonic Reader (ensemble model) 82.3 75.91(75.1,76.7] 6.4 32 -2
31 AttentionReader+ (ensemble) 81.8 76.4 [75.5,77.2] 54 30 1
32 MMIPN 81.6 76.9 [76.1,77.7] 4.7 28 4
33 Reinforced Mnemonic Reader + A2D 81.5 75.5[74.6, 76.3] 6.0 37 -4
34 Reinforced Mnemonic Reader + A2D + DA 81.4 74.9 [74.0, 75.7] 6.5 40 -6
35 BERT-COMPOUND-DSS 81.0 76.3[75.4,77.11 4.8 31 4
36 BiDAF + Self Attention + ELMo (ensemble) 81.0 75.91(75.0,76.7] 5.1 33 3
37 BERT-COMPOUND 80.7 75.8[75.0,76.71 4.9 34 3
38 AVIQA+ (ensemble) (aviga team) 80.6 75.3174.5,76.2] 5.3 39 -1
39 EAZI (ensemble) 80.4 75.8 [74.9, 76.6] 4.6 35 4
40 MEMEN+ (Ensemble) 80.4 72.41(71.5,73.2] 8.0 53 -13
41 DNET (ensemble) 80.2 75.41(74.5,76.2] 4.8 38 3
42 Bert-Large+Adyv. Train 80.1 74.5(73.6,75.3] 5.6 41 1
43 HierAtt 79.7 75.5[74.7,76.4] 4.2 36 7
44 Reinforced Mnemonic Reader 79.5 73.872.9,74.6] 5.8 47 -3
45 BERT-Multi-Finetune 79.5 77.1[76.3, 78.0] 2.4 26 19
46 MDReader 79.0 743 (73.4,75.1] 4.8 43 3
47 BERT-INDEPENDENT 78.7 73.5[72.6, 74.4] 52 48 -1
48 BiDAF + Self Attention + ELMo 78.6 74.0(73.1,749] 4.6 45 3
49 BiDAF + Self-Attention + ELMo 78.6 74.0[73.2,749] 4.5 44 5
50 Conductor-net (Ensemble) 78.4 70.3[69.4,71.2] 8.1 60 -10
51 MEMEN 78.2 70.6 [69.7,71.5] 7.6 58 -7
52 MEMEN+ 78.2 70.9(70.0,71.8] 7.3 56 -4
53 MDReaderQ 78.2 73.9[73.0,74.7] 4.3 46 7
54 EAZI 78.0 729 (72.1,73.8] 5.0 49 5
55 Interactive AoA Reader (Ensemble) 77.8 69.2 [68.3, 70.1] 8.6 66 -11
56 DNET 77.6 72.8(71.9,73.6] 4.9 51 5
57 RaSoR + TR + LM 77.6 72.8[72.0,73.71 4.7 50 7
58 BiDAF++ 77.6 724 (71.5,73.3] 5.2 52 6
59 AttentionReader+ 77.3 71.8 [70.9, 72.7] 5.6 54 5
60 Jenga (ensemble) 77.2 70.7 [69.8, 71.6] 6.5 57 3
61 gqa 77.1 70.4[69.5,71.3] 6.6 59 2
62 MARS (Jan 23) 76.9 70.1[69.2,71.0] 6.7 62 0
63 FRC 76.2 70.1[69.2,71.0] 6.1 63 0
64 FusionNet 76.0 69.2 [68.3,70.1] 6.7 67 -3
65 AVIQA-v2 75.9 71.4[70.5,72.3] 4.5 55 10
66 MEMEN (Ensemble, original model in paper) 75.4 68.9[67.9,69.8] 6.5 70 -4
67 Mixed model (ensemble) 75.3 69.4 [68.5, 70.3] 5.9 64 3
68 two-attention-self-attention (ensemble) 75.2 70.3[694,71.2] 5.0 61 7
69 DCN+ 75.1 66.9 [65.9,67.8] 8.2 76 -7
70 ReasoNet (Ensemble) 75.0 69.3 [68.3, 70.2] 5.8 65 5
71 eeAttNet 74.6 69.2 [68.3,70.1] 5.4 68 3
72 Jenga 74.4 66.8 659,678 7.5 77 -5
73 Mnemonic Reader (Ensemble) 74.3 69.2 [68.3, 70.1] 5.1 69 4
74 Interactive AoA Reader 73.6 65.2 [64.2,66.1] 8.5 85 -11
75 Jenga 73.3 66.7 [65.8,67.6] 6.6 78 -3
76 Conductor-net 73.2 67.6 [66.7, 68.5] 5.6 73 3
77 two-attention-self-attention 72.6 68.1 [67.2, 69.0] 4.5 72 5
78 AVIQA 72.5 68.867.9,69.7] 3.7 71 7
79 BiDAF + Self Attention 72.1 67.3[66.4,682] 4.8 74 5
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Rank Name SQuAD NYT Gap RN;T;; A Rank
80 attention+self-attention 71.7 66.3 [65.3,67.2] 5.4 80 0
81 Smarnet 71.4 64.5[63.5,654] 6.9 87 -6
82 M-NET 71.0 65.4[64.4,66.3] 5.6 83 -1
83 Mnemonic Reader 71.0 65.6 [64.7,66.5] 54 82 1
84 MAMCN 71.0 67.0[66.1,679] 4.0 75 9
85 RaSoR 70.8 65.3[64.4,662] 5.6 84 1
86 Ruminating Reader 70.6 66.3 [65.4,67.2] 4.3 79 7
87 JNet 70.6 64.8 [63.8,65.7] 5.8 86 1
88 ReasoNet 70.6 64.163.2,65.0] 6.5 88 0
89 SimpleBaseline 69.6 66.1 [65.2, 67.1] 3.5 81 8
90 Match-LSTM w/ Ans-Ptr (Ensemble) 67.9 60.9 [59.9,61.8] 7.0 93 -3
91 AllenNLP BiDAF 67.6 63.3[62.4,64.3] 4.3 89 2
92 BIDAF-COMPOUND-DSS 67.5 62.6 [61.6,63.5] 5.0 91 1
93 Iterative Co-Attention Network 67.5 62.8 [61.8, 63.7] 4.7 90 3
94 BIDAF-INDEPENDENT-DSS 66.5 61.7[60.7,62.6] 4.8 92 2
95 BIDAF-COMPOUND 65.2 60.8 [59.8, 61.7] 4.4 94 1
96 BIDAF-INDEPENDENT 64.9 60.4 [59.4,61.3] 4.6 95 1
97 Match-LSTM w/ Bi-Ans-Ptr Boundary 64.7 57.5 [56.5, 58.4] 73 97 0
98 OTF dict+spelling 64.1 57.2[56.3,582] 6.9 98 0
99 OTF spelling 62.9 56.2 (55.2,57.2] 6.7 100 -1
100 OTF spelling+lemma 62.6 55.3[54.3,56.3] 1.3 101 -1
101 Dynamic Chunk Reader 62.5 59.1 [58.1, 60.0] 3.4 96 5
102 RQA+IDR 61.1 57.2[56.2,582] 3.9 99 3
103 UQA 53.7 49.5 [48.5,50.5] 4.2 103 0
104 UnsupervisedQA V1 44.2 40.6 [39.6,41.6] 3.6 104 0

Table 11: Comparison of model EM scores on the original SQuAD test set and our Reddit test set. Rank refers to the
relative ordering using the original SQuAD v1.1 EM scores, new rank refers to the ordering using the new test set scores,
and A rank is the relative difference in ranking. The confidence intervals are 95% Clopper-Pearson intervals. Unless noted,
all models are single models.

Reddit EM Score Summary
. New
Rank Name SQuAD Reddit Gap Rank A Rank
an

- Human-0 89.1[87.1.91.0] 80.1[77.2,82.7] 9.1 - -
- Human-1 88.7 [86.6,90.6] 80.7 [77.8, 83.3] 8.0 - -
- Human-2 90.5(88.5,92.2] 81.0[78.2,83.6] 9.4 - -
1 XLNet 89.9 43.1[42.1,44.1] 46.8 89 -88
2 XLNET-123++ 89.9 70.8 [69.9,71.7] 19.0 5 -3
3 XLNET-123 89.6 73.8 [72.9, 74.7] 15.8 2 1
4 Delphi 89.6 779 (77.1,78.8] 11.7 1 3
5 SpanBERT 88.8 73.3[72.4,742] 15.6 3 2
6 BERT+WWM+MT 88.7 69.2 [68.3,70.1] 19.4 9 -3
7 Tuned BERT-1seq Large Cased 87.5 70.8 [69.9,71.7]  16.7 6 1
8 InfoWord (large) 87.3 70.5[69.6,71.4] 16.8 7 1
9 BERT-cased-whole-word 87.1 72.0[71.1,72.9] 15.1 4 5
10 BERT-Large Baseline 86.6 68.9 [68.0,69.8] 17.7 10 0
11 Tuned BERT Large Cased 86.5 69.5 [68.6,70.4] 17.0 8 3
12 BERT+MT 86.5 68.4[67.4,69.3] 18.1 14 2
13 ST_bl 85.4 68.767.7,69.6] 16.8 13 0
14 EL-BERT 85.3 65.6 [64.6,66.5] 19.8 24 -10
15 BISAN 85.3 67.7 [66.8,68.7] 17.6 16 -1
16 BERT+Sparse-Transformer 85.1 68.967.9,69.8] 162 12 4
17 DPN 85.0 67.2 [66.3,68.2] 17.8 20 -3
18 BERT-uncased 84.9 67.266.3,682] 17.7 19 -1
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. New

Rank Name SQuAD Reddit Gap Rank A Rank
19 InfoWord-Base 84.7 65.8 [64.9,66.8] 18.9 23 -4
20 InfoWord (base) 84.7 65.8[64.9,66.8] 189 22 -2
21 InfoWord BERT baseline (base) 84.4 65.4 [64.4,66.3] 19.1 25 -4
22 Original BERT Large Cased 84.3 68.3(67.3,69.2] 16.1 15 7
23 InfoWord BERT baseline (large) 84.3 68.9 [68.0,69.8] 154 11 12
24 MARS (ensemble, June 20 2018) 84.0 66.0 [65.0,66.9] 18.0 21 3
25 Common-sense Governed BERT-123 83.9 67.7[66.7,68.6] 16.2 17 8
26 MARS 83.2 60.0 [59.0,60.9] 23.2 45 -19
27 MARS (June 21 2018) 83.1 64.4 [63.5,65.4] 18.7 27 0
28 Common-sense Governed BERT-123 (May 8 2019) 82.9 67.4(66.4,68.3] 15.6 18 10
29 MARS (May 9 2018) 82.6 63.0[62.0,639] 19.6 31 -2
30 Reinforced Mnemonic Reader (ensemble model) 82.3 62.3(61.3,63.3] 20.0 38 -8
31 AttentionReader+ (ensemble) 81.8 63.0 [62.0,63.9] 18.8 32 -1
32 MMIPN 81.6 63.5[62.6,64.5] 18.0 29 3
33 Reinforced Mnemonic Reader + A2D 81.5 59.9 [58.9.60.9] 21.6 46 -13
34 Reinforced Mnemonic Reader + A2D + DA 81.4 60.0 [59.0,61.0] 214 42 -8
35 BERT-COMPOUND-DSS 81.0 63.8[62.8,64.8] 17.2 28 7
36 BiDAF + Self Attention + ELMo (ensemble) 81.0 62.3[61.4,63.3] 18.7 37 -1
37 BERT-COMPOUND 80.7 62.8[61.8,63.8] 17.9 34 3
38 AVIQA+ (ensemble) (aviga team) 80.6 62.761.8,63.7] 17.9 35 3
39 EAZI (ensemble) 80.4 62.1[61.1,63.1] 18.3 40 -1
40 MEMEN+ (Ensemble) 80.4 62.5(61.6,63.5] 17.9 36 4
41 DNET (ensemble) 80.2 63.0[62.0,639] 17.2 33 8
42 Bert-Large+Adyv. Train 80.1 62.2(61.2,63.1] 179 39 3
43 HierAtt 79.7 63.5[62.6,64.5] 16.2 30 13
44 Reinforced Mnemonic Reader 79.5 57.2156.2,58.2] 224 56 -12
45 BERT-Multi-Finetune 79.5 65.2 [64.3,66.2] 14.3 26 19
46 MDReader 79.0 59.2[58.2,60.2] 19.8 49 -3
47 BERT-INDEPENDENT 78.7 58.5[57.5,59.5]  20.1 53 -6
48 BiDAF + Self Attention + ELMo 78.6 60.0 [59.0,61.0] 18.6 44 4
49 BiDAF + Self-Attention + ELMo 78.6 60.0 [59.0,61.0] 18.6 43 6
50 MEMEN 78.2 60.0 [59.0,61.0] 18.2 41 9
51 MEMEN+ 78.2 59.9 [58.9,60.8] 184 47 4
52 MDReaderQ 78.2 58.7(57.7,59.7] 19.4 50 2
53 EAZI 78.0 58.5[57.6,59.5] 194 52 1
54 Interactive AoA Reader (Ensemble) 77.8 53.0[52.0,54.0] 24.8 67 -13
55 DNET 77.6 59.2 [58.2,60.2] 18.4 48 7
56 RaSoR + TR + LM 77.6 58.6 [57.6,59.6] 19.0 51 5
57 AttentionReader+ 717.3 57.4[56.4,58.4] 19.9 55 2
58 gqa 77.1 55.1[54.1,56.1] 22.0 59 -1
59 MARS (Jan 23) 76.9 54.3[53.3,55.3] 22.6 63 -4
60 FRC 76.2 55.1[54.2,56.11 21.1 58 2
61 FusionNet 76.0 54.5[53.5,55.5] 21.5 62 -1
62 AVIQA-v2 75.9 58.3(57.3,59.2] 17.7 54 8
63 MEMEN (Ensemble, original model in paper) 75.4 53.5[52.5,54.5] 219 65 -2
64 two-attention-self-attention (ensemble) 75.2 55.1[54.1,56.1] 20.2 60 4
65 DCN+ 75.1 53.8 [52.8,54.8] 21.3 64 1
66 ReasoNet (Ensemble) 75.0 53.3(52.3,54.3] 21.8 66 0
67 eeAttNet 74.6 55.2[54.2,56.2] 194 57 10
68 Jenga 74.4 52.9(51.9,539] 21.5 68 0
69 Mnemonic Reader (Ensemble) 74.3 51.6 [50.6, 52.6] 22.7 70 -1
70 Interactive AoA Reader 73.6 48.0 [47.0,49.0] 25.6 78 -8
71 Conductor-net 73.2 48.1[47.1,49.11 25.1 77 -6
72 two-attention-self-attention 72.6 52.1[51.1,53.1] 20.5 69 3
73 AVIQA 72.5 54.8 [53.8,55.8] 17.7 61 12
74 BiDAF + Self Attention 72.1 50.7 [49.7,51.7] 21.4 71 3
75 attention-+self-attention 71.7 50.6 [49.6,51.6] 21.1 72 3
76 Smarnet 71.4 44.6 [43.6,45.6]  26.8 86 -10
77 M-NET 71.0 47.1[46.1,48.1] 23.9 81 -4
78 Mnemonic Reader 71.0 46.9 [46.0,47.9] 24.1 82 -4
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Rank Name SQuAD Reddit Gap Rank A Rank
79 MAMCN 71.0 50.3 [49.3,51.3] 20.7 74 5
80 Ruminating Reader 70.6 50.0 [49.0,51.0]  20.7 75 5
81 JNet 70.6 46.7 [45.7,47.71  23.9 83 -2
82 ReasoNet 70.6 474 [46.4,48.4] 23.1 80 2
83 SimpleBaseline 69.6 49.1 [48.1,50.1] 20.5 76 7
84 Match-LSTM w/ Ans-Ptr (Ensemble) 67.9 50.5[49.5,51.5] 174 73 11
85 AllenNLP BiDAF 67.6 44.4143.4,45.4] 232 87 -2
86 Iterative Co-Attention Network 67.5 46.2 (452, 47.2]  21.3 85 1
87 BIDAF-INDEPENDENT-DSS 66.5 42.2[41.2,43.1] 244 91 -4
88 BIDAF-COMPOUND 65.2 427 [41.7,43.7]  22.5 90 -2
89 BIDAF-INDEPENDENT 64.9 432[42.2,44.2] 21.7 88 1
90 Match-LSTM w/ Bi-Ans-Ptr Boundary 64.7 46.4 [45.4,47.4] 18.4 84 6
91 OTF dict+spelling 64.1 39.5[38.6,40.5] 24.6 92 -1
92 OTF spelling 62.9 39.4(38.5,404] 23.4 93 -1
93 OTF spelling+lemma 62.6 37.8 [36.8, 38.8] 24.8 94 -1
94 RQA+IDR 61.1 48.0[47.0,49.0] 13.2 79 15
95 UQA 53.7 36.8 [35.8,37.7]  16.9 96 -1
96 UnsupervisedQA V1 44.2 37.3[36.3,38.2] 6.9 95 1

Table 12: Comparison of model EM scores on the original SQuAD test set and our Amazon test set. Rank refers to the
relative ordering using the original SQuAD v1.1 EM scores, new rank refers to the ordering using the new test set scores,
and A rank is the relative difference in ranking. The confidence intervals are 95% Clopper-Pearson intervals. Unless noted,
all models are single models.

Amazon EM Score Summary

New

Rank Name SQuAD Amazon Gap Rank A Rank
- Human-0 89.1(87.1,91.0] 79.9(77.1,82.4] 9.3 - -
- Human-1 88.7 [86.6,90.6] 81.1[78.4,83.6] 7.6 - -
- Human-2 90.5 [88.5,92.2 79.3(76.5,82.0] 11.2 - -
1 XLNet 89.9 53.952.9,54.9] 36.0 53 -52
2 XLNET-123++ 89.9 74.1(73.2,75.0] 15.7 2 0
3 XLNET-123 89.6 72.2[71.3,73.1] 17.5 3 0
4 Delphi 89.6 75.774.8,76.5] 13.9 1 3
5 SpanBERT 88.8 70.6 [69.7,71.5] 183 4 1
6 BERT+WWM+MT 88.7 65.5(64.5,66.4] 23.2 13 -7
7 Tuned BERT-1seq Large Cased 87.5 69.4 [68.5,70.3] 18.0 5 2
8 InfoWord (large) 87.3 67.5166.5,68.4] 19.8 7 1
9 BERT-cased-whole-word 87.1 69.3[68.4,70.2] 17.8 6 3
10 BERT-Large Baseline 86.6 66.6 [65.6,67.5] 20.1 8 2
11 Tuned BERT Large Cased 86.5 66.3(65.3.67.2] 203 10 1
12 BERT+MT 86.5 64.163.1,65.0] 224 18 -6
13 ST_bl 85.4 65.5 [64.6,66.5] 199 12 1
14 EL-BERT 85.3 62.5(61.5,63.4] 228 23 -9
15 BISAN 85.3 65.0 [64.1,66.0] 203 15 0
16 BERT+Sparse-Transformer 85.1 66.165.2,67.1] 19.0 11 5
17 DPN 85.0 63.9 [62.9,64.8] 21.1 20 -3
18 BERT-uncased 84.9 64.6 [63.7,65.6] 20.3 17 1
19 InfoWord-Base 84.7 63.1[62.2,64.1] 21.6 22 -3
20 InfoWord (base) 84.7 63.1[62.2,64.1] 21.6 21 -1
21 InfoWord BERT baseline (base) 84.4 62.3[61.3,63.3] 22.1 24 -3
22 Original BERT Large Cased 84.3 64.863.9,65.8] 19.5 16 6
23 InfoWord BERT baseline (large) 84.3 66.6 [65.6, 67.5] 17.7 9 14
24 MARS (ensemble, June 20 2018) 84.0 59.5[58.5,60.5] 24.5 31 -7
25 Common-sense Governed BERT-123 83.9 65.4 [64.5,66.4] 18.5 14 11
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Rank Name SQuAD Amazon Gap Rank A Rank
26 MARS 83.2 53.2[52.2,54.2] 30.0 57 -31
27 MARS (June 21 2018) 83.1 57.9[56.9,589] 25.2 34 -7
28 Common-sense Governed BERT-123 (May 8 2019) 82.9 64.0 [63.0,64.9] 19.0 19 9
29 MARS (May 9 2018) 82.6 57.2[56.2,582] 254 35 -6
30 Reinforced Mnemonic Reader (ensemble model) 82.3 55.6 [54.6,56.6]  26.7 43 -13
31 AttentionReader+ (ensemble) 81.8 56.9 [55.9,57.8] 249 38 -7
32 MMIPN 81.6 60.6 [59.6,61.5] 21.0 27 5
33 Reinforced Mnemonic Reader + A2D 81.5 54.4[53.4,554] 27.1 52 -19
34 Reinforced Mnemonic Reader + A2D + DA 81.4 54.8 [53.8,55.7] 26.6 49 -15
35 BERT-COMPOUND-DSS 81.0 60.6 [59.6,61.5] 20.5 26 9
36 BiDAF + Self Attention + ELMo (ensemble) 81.0 57.1[56.1,58.1] 239 36 0
37 BERT-COMPOUND 80.7 59.9 [58.9,60.8] 20.8 28 9
38 AVIQA+ (ensemble) (aviga team) 80.6 58.3[57.3,59.3] 223 32 6
39 EAZI (ensemble) 80.4 56.9 [55.9,579] 23.5 37 2
40 EAZI+ (ensemble) 80.4 56.7 [55.7,57.7]  23.7 40 0
41 MEMEN+ (Ensemble) 80.4 56.8 [55.8,57.7] 23.6 39 2
42 DNET (ensemble) 80.2 582 (57.2,59.1] 22.0 33 9
43 Bert-Large+Ady. Train 80.1 59.8 [58.8, 60.8] 20.3 29 14
44 HierAtt 79.7 59.7 [58.8,60.7]  20.0 30 14
45 Reinforced Mnemonic Reader 79.5 51.4(50.4,52.3] 28.2 62 -17
46 BERT-Multi-Finetune 79.5 61.6 [60.6,62.5] 18.0 25 21
47 MDReader 79.0 52.9[52.0,53.9] 26.1 58 -11
48 FusionNet (ensemble) 79.0 52.9(51.9,53.9] 26.1 60 -12
49 BERT-INDEPENDENT 78.7 56.1 [55.1,57.1] 225 42 7
50 BiDAF + Self Attention + ELMo 78.6 55.0[54.1,56.0] 23.5 46 4
51 BiDAF + Self-Attention + ELMo 78.6 55.0 [54.1,56.0] 23.5 45 6
52 aviqa-v2 (ensemble) 78.5 56.6 [55.6,57.6] 219 41 11
53 Conductor-net (Ensemble) 78.4 46.5 [45.5,47.5] 32.0 79 -26
54 MEMEN 78.2 54.9(53.9,559] 23.3 48 6
55 BiDAF++ with pair2vec 78.2 55.1[54.1,56.11 23.1 44 11
56 MEMEN+ 78.2 54.7(53.7,55.7]  23.5 50 6
57 MDReaderQ 78.2 52.9(51.9,539] 25.3 59 -2
58 EAZI 78.0 53.8(52.8,54.8] 242 55 3
59 Interactive AoA Reader (Ensemble) 77.8 48.2[47.2,49.2] 29.7 70 -11
60 DNET 77.6 55.0 [54.0,55.9] 227 47 13
61 RaSoR + TR + LM 77.6 53.3[52.4,54.3] 24.2 56 5
62 BiDAF++ 77.6 54.6 [53.6,55.6] 23.0 51 11
63 AttentionReader+ 77.3 51.3 [50.3,52.3] 26.1 63 0
64 Jenga (ensemble) 77.2 52.0[51.1,53.0] 252 61 3
65 gqa 77.1 50.8 [49.8,51.8] 26.3 64 1
66 MARS (Jan 23) 76.9 479 [46.9,489]  29.0 72 -6
67 FRC 76.2 47.7 [46.7,48.6] 28.6 73 -6
68 Smarnet (Ensemble) 76.0 46.8 [45.9,47.8] 29.2 76 -8
69 FusionNet 76.0 49.5 [48.5,50.5] 26.5 68 1
70 AVIQA-v2 75.9 53.8[52.8,54.8] 22.1 54 16
71 MEMEN (Ensemble, original model in paper) 75.4 46.8 [45.8.47.8] 28.6 77 -6
72 Mixed model (ensemble) 75.3 46.7 [45.7.47.77]  28.6 78 -6
73 two-attention-self-attention (ensemble) 75.2 48.4 [47.5,49.4] 26.8 69 4
74 DCN+ 75.1 47.6 [46.6,48.6]  27.5 74 0
75 ReasoNet (Ensemble) 75.0 469 [459,479] 28.1 75 0
76 eeAttNet 74.6 50.7 [49.7,51.7]  23.9 65 11
77 Jenga 74.4 48.1 [47.1,49.1] 26.2 71 6
78 Mnemonic Reader (Ensemble) 74.3 444 [43.4,45.4] 299 84 -6
79 SSAE (Ensemble) 74.1 449 [43.9,45.9] 29.2 83 -4
80 Interactive AoA Reader 73.6 43.8 [42.8,44.8] 29.8 87 -7
81 Jenga 73.3 49.5 [48.6,50.5] 23.8 67 14
82 Conductor-net 73.2 43,7 [42.7,44.77]  29.5 88 -6
83 JNet (Ensemble) 73.0 42.5[41.5,43.5] 30.5 92 -9
84 two-attention-self-attention 72.6 459 (44.9,469] 26.7 80 4
85 AVIQA 72.5 50.1[49.1,51.1] 224 66 19
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Rank Name SQuAD Amazon Gap Rank A Rank
86 BiDAF + Self Attention 72.1 452 [44.2,46.2]  26.9 82 4
87 attention+self-attention 71.7 444 [43.4,454] 273 85 2
88 Smarnet 71.4 41.1[40.1,42.1]  30.3 95 -7
89 M-NET 71.0 41.3[40.4,42.3] 29.7 94 -5
90 Mnemonic Reader 71.0 40.51[39.6,41.5] 304 98 -8
91 MAMCN 71.0 44,0 [43.0,45.0] 27.0 86 5
92 RaSoR 70.8 42.8 [41.8,43.7]  28.1 91 1
93 Ruminating Reader 70.6 43.5[42.5,44.4] 27.2 89 4
94 JNet 70.6 40.3 [39.4,41.3]  30.3 99 -5
95 ReasoNet 70.6 40.9 [39.9,41.8] 29.7 97 -2
96 SimpleBaseline 69.6 423 [41.3,43.3] 273 93 3
97 PQMN 68.3 41.0 [40.0,42.0] 27.3 96 1
98 Match-LSTM w/ Ans-Ptr (Ensemble) 67.9 43.5(42.5,44.4] 244 90 8
99 AllenNLP BiDAF 67.6 39.8 [38.8,40.7] 279 101 -2
100 BIDAF-COMPOUND-DSS 67.5 39.3[38.3,40.3] 283 103 -3
101 Iterative Co-Attention Network 67.5 394 [38.4,40.4] 28.1 102 -1
102 BIDAF-INDEPENDENT-DSS 66.5 37.9[36.9,389] 28.6 105 -3
103 BIDAF-COMPOUND 65.2 37.7[36.8,38.7] 274 107 -4
104 BIDAF-INDEPENDENT 64.9 38.7[37.8.39.7]  26.2 104 0
105 Match-LSTM w/ Bi-Ans-Ptr Boundary 64.7 40.3 (394, 41.3] 244 100 5
106 OTF dict+spelling 64.1 353 [34.3,36.2] 28.8 108 2
107 OTF spelling 62.9 32.6[31.6,33.5] 303 110 -3
108 OTF spelling+lemma 62.6 32.2(31.2,33.1] 304 111 -3
109 Dynamic Chunk Reader 62.5 37.8 [36.8,38.8] 24.7 106 3
110 RQA+IDR 61.1 45.5 [44.5,46.5] 157 81 29
111 UQA 53.7 33.9(33.0,349] 19.8 109 2
112 UnsupervisedQA V1 44.2 32.1[31.2,33.0] 12.1 112 0

Adversarial Results. The model evaluation data used to construct the adversarial plots from Appendix B is summarized
in Tables 13 and 14 for F1 scores and Tables 15 and 16 for EM scores.

Table 13: Model F1 scores for against the adversarial distribution shifts AddSent. Unless otherwise noted, all models are
single models.

AddSent F1 Score Summary

New

Rank Name SQuAD  AddSent Gap Rank A Rank
1 XLNet 95.1 76.5 18.6 2 -1
2 XLNET-123 94.9 68.9 26.0 8 -6
3 XLNET-123++ 94.9 77.2 17.7 1 2
4 SpanBERT 94.6 71.5 232 4 0
5 BERT+WWM+MT 94.4 73.9 20.5 3 2
6 Tuned BERT-1seq Large Cased 93.3 71.2 22.1 5 1
7 InfoWord (large) 93.1 64.4 28.7 12 -5
8 BERT-Large Baseline 92.7 61.3 31.5 16 -8
9 BERT+MT 92.6 70.0 22.6 6 3
10 Tuned BERT Large Cased 92.6 65.3 27.3 9 1
11 DPN 92.0 65.1 26.9 10 1
12 ST_bl 92.0 60.2 31.8 22 -10
13 BERT-uncased 91.9 59.7 322 26 -13
14 EL-BERT 91.8 61.1 30.7 18 -4
15 BISAN 91.8 60.1 31.6 23 -8
16 BERT+Sparse-Transformer 91.6 60.1 31.5 24 -8
17 InfoWord (base) 914 61.0 30.4 19 -2
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Rank Name SQuAD AddSent Gap Rank A Rank
18 InfoWord-Base 91.4 61.0 30.3 20 -2
19 InfoWord BERT baseline (large) 91.3 61.3 30.0 17 2
20 Original BERT Large Cased 91.3 64.4 26.8 13 7
21 Common-sense Governed BERT-123 (May 8 2019) 91.1 64.0 27.1 14 7
22 InfoWord BERT baseline (base) 90.9 56.5 34.4 30 -8
23 Common-sense Governed BERT-123 90.6 69.4 21.2 7 16
24 MARS (ensemble, June 20 2018) 89.8 59.9 29.8 25 -1
25 MARS 89.5 57.2 32.3 29 -4
26 MARS (June 21 2018) 89.2 58.4 30.8 28 -2
27 MMIPN 88.9 50.4 38.6 37 -10
28 Reinforced Mnemonic Reader (ensemble model) 88.5 60.2 28.3 21 7
29 AttentionReader+ (ensemble) 88.2 50.7 37.5 35 -6
30 Reinforced Mnemonic Reader + A2D 88.1 61.3 26.9 15 15
31 Reinforced Mnemonic Reader + A2D + DA 88.1 64.8 23.3 11 20
32 BERT-COMPOUND 87.8 50.5 37.3 36 -4
33 BiDAF + Self Attention + ELMo (ensemble) 87.4 43.7 43.7 56 -23
34 AVIQA+ (ensemble) (aviga team) 87.3 45.3 42.1 51 -17
35 EAZI (ensemble) 86.9 42.7 44.2 63 -28
36 MEMEN+ (Ensemble) 86.8 44.5 42.4 53 -17
37 DNET (ensemble) 86.7 49.8 36.9 39 -2
38 BERT-INDEPENDENT 86.7 50.1 36.5 38 0
39 Reinforced Mnemonic Reader 86.7 58.5 28.2 27 12
40 MDReader 86.0 45.7 40.3 48 -8
41 BiDAF + Self Attention + ELMo 859 44.3 41.6 55 -14
42 BiDAF + Self-Attention + ELMo 85.8 44 .4 414 54 -12
43 MDReader0 85.5 434 422 57 -14
44 MEMEN+ 85.5 42.8 42.7 62 -18
45 MEMEN 85.3 434 42.0 58 -13
46 Interactive AoA Reader (Ensemble) 85.3 39.7 45.6 69 -23
47 EAZI 85.1 43.2 42.0 60 -13
48 AttentionReader+ 84.9 53.9 31.0 31 17
49 DNET 84.9 49.2 35.7 40 9
50 MARS (Jan 23) 84.7 52.4 324 33 17
51 FRC 84.6 45.3 39.3 50 1
52 Jenga (ensemble) 84.5 40.4 44.0 67 -15
53 RaSoR + TR + LM 84.2 47.0 37.1 43 10
54 gqa 83.9 473 36.6 42 12
55 FusionNet 83.9 46.5 374 45 10
56 AVIQA-v2 83.3 429 40.4 61 -5
57 DCN+ 83.1 44.5 38.6 52 5
58 Jenga 82.8 40.7 422 66 -8
59 Mixed model (ensemble) 82.8 48.5 34.2 41 18
60 two-attention-self-attention (ensemble) 82.7 40.4 42.3 68 -8
61 MEMEN (Ensemble, original model in paper) 82.7 36.3 46.4 84 -23
62 ReasoNet (Ensemble) 82.6 36.5 46.1 82 -20
63 eeAttNet 82.5 46.1 36.4 47 16
64 Mnemonic Reader (Ensemble) 82.4 46.2 36.2 46 18
65 Conductor-net 81.9 53.5 28.5 32 33
66 Interactive AoA Reader 81.9 39.1 42.8 72 -6
67 Jenga 81.8 45.6 36.2 49 18
68 BiDAF + Self Attention 81.0 36.4 44.7 83 -15
69 two-attention-self-attention 81.0 41.6 39.4 64 5
70 AVIQA 80.5 39.3 41.3 70 0
71 attention+self-attention 80.5 38.7 41.7 74 -3
72 Smarnet 80.2 50.9 29.3 34 38
73 Mnemonic Reader 80.1 46.6 33.5 44 29
74 MAMCN 79.9 37.9 42.0 76 -2
75 M-NET 79.8 41.6 38.2 65 10
76 JNet 79.8 37.9 41.9 77 -1
77 Ruminating Reader 79.5 374 42.1 79 -2
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New

Rank Name SQuAD AddSent Gap Rank A Rank
78 ReasoNet 79.4 36.9 42.4 81 -3
79 SimpleBaseline 78.2 343 44.0 88 -9
80 PQMN 77.8 433 34.5 59 21
81 AllenNLP BiDAF 77.2 35.8 414 85 -4
82 Match-LSTM w/ Ans-Ptr (Ensemble) 77.0 294 47.6 91 -9
83 Iterative Co-Attention Network 76.8 32.7 44.1 89 -6
84 BIDAF-INDEPENDENT-DSS 76.3 353 41.0 86 2
85 BIDAF-INDEPENDENT 74.6 31.9 42.7 90 -5
86 Match-LSTM w/ Bi-Ans-Ptr Boundary 73.7 27.3 46.4 92 -6
87 OTF dict+spelling 73.1 37.2 359 80 7
88 OTF spelling 72.0 34.7 374 87 1
89 OTF spelling+lemma 72.0 38.8 33.2 73 16
90 RQA+IDR 714 38.2 332 75 15
91 Dynamic Chunk Reader 71.0 37.8 332 78 13
92 UQA 64.0 39.3 24.7 71 21
93 UnsupervisedQA V1 54.7 20.9 33.8 93 0

Table 14: Model F1 scores for against the adversarial distribution shifts AddOneSent. Unless otherwise noted, all models
are single models.

AddOneSent F1 Score Summary

Rank  Name SQuAD  AddOneSent  Gap RN;X( A Rank
1 XLNet 95.1 83.5 11.6 2 -1
2 XLNET-123 94.9 78.4 16.5 7 -5
3 XLNET-123++ 94.9 84.5 10.4 1 2
4 SpanBERT 94.6 79.8 14.9 4 0
5 BERT+WWM+MT 94.4 80.8 13.6 3 2
6 Tuned BERT-1seq Large Cased 93.3 78.6 14.7 6 0
7 InfoWord (large) 93.1 72.7 20.4 12 -5
8 BERT-Large Baseline 92.7 71.1 21.6 15 -7
9 BERT+MT 92.6 77.1 15.5 8 1
10 Tuned BERT Large Cased 92.6 73.8 18.8 10 0
11 DPN 92.0 73.6 18.5 11 0
12 ST bl 92.0 69.8 22.2 21 -9
13 BERT-uncased 91.9 69.5 22.4 23 -10
14 EL-BERT 91.8 70.5 21.3 17 -3
15 BISAN 91.8 70.5 21.3 18 -3
16 BERT+Sparse-Transformer 91.6 69.4 223 24 -8
17 InfoWord (base) 91.4 70.3 21.1 19 -2
18 InfoWord-Base 91.4 70.3 21.0 20 -2
19 InfoWord BERT baseline (large) 91.3 71.1 20.2 16 3
20 Original BERT Large Cased 91.3 72.5 18.7 13 7
21 Common-sense Governed BERT-123 (May 8 2019) 91.1 74.4 16.7 9 12
22 InfoWord BERT baseline (base) 90.9 67.0 23.9 28 -6
23 Common-sense Governed BERT-123 90.6 78.8 11.8 5 18
24 MARS (ensemble, June 20 2018) 89.8 68.7 21.1 25 -1
25 MARS 89.5 65.6 24.0 30 -5
26 MARS (June 21 2018) 89.2 67.5 21.8 27 -1
27 MMIPN 88.9 60.6 28.4 36 -9
28 Reinforced Mnemonic Reader (ensemble model) 88.5 68.3 20.2 26 2
29 AttentionReader+ (ensemble) 88.2 61.4 26.7 34 -5
30 Reinforced Mnemonic Reader + A2D 88.1 69.5 18.6 22 8
31 Reinforced Mnemonic Reader + A2D + DA 88.1 71.4 16.7 14 17
32 BERT-COMPOUND 87.8 61.4 26.3 35 -3
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33 BiDAF + Self Attention + ELMo (ensemble) 87.4 54.8 32.6 54 -21
34 AVIQA+ (ensemble) (aviqa team) 87.3 56.1 31.2 48 -14
35 EAZI (ensemble) 86.9 54.4 32.5 57 -22
36 MEMEN+ (Ensemble) 86.8 55.0 31.8 53 -17
37 DNET (ensemble) 86.7 60.5 26.2 38 -1
38 BERT-INDEPENDENT 86.7 61.6 25.0 32 6
39 Reinforced Mnemonic Reader 86.7 66.8 19.9 29 10
40 MDReader 86.0 57.0 29.0 45 -5
41 BiDAF + Self Attention + ELMo 85.9 54.7 31.2 56 -15
42 BiDAF + Self-Attention + ELMo 85.8 54.7 31.2 55 -13
43 MDReaderO 85.5 54.0 31.6 60 -17
44 MEMEN+ 85.5 53.8 31.7 61 -17
45 MEMEN 85.3 54.3 31.0 58 -13
46 Interactive AoA Reader (Ensemble) 85.3 49.5 35.8 71 -25
47 EAZI 85.1 53.6 31.5 62 -15
48 AttentionReader+ 84.9 63.3 21.7 31 17
49 DNET 84.9 59.4 25.5 40 9
50 MARS (Jan 23) 84.7 60.5 24.2 37 13
51 FRC 84.6 55.9 28.7 50 1
52 Jenga (ensemble) 84.5 52.7 31.7 65 -13
53 RaSoR + TR + LM 84.2 57.0 27.1 44 9
54 gqa 83.9 57.9 26.0 43 11
55 FusionNet 83.9 56.6 27.3 47 8
56 AVIQA-v2 83.3 55.3 28.0 51 5
57 DCN+ 83.1 54.3 28.8 59 -2
58 Jenga 82.8 52.1 30.8 66 -8
59 Mixed model (ensemble) 82.8 584 24.3 42 17
60 two-attention-self-attention (ensemble) 82.7 50.6 32.1 69 -9
61 MEMEN (Ensemble, original model in paper) 82.7 47.6 35.1 78 -17
62 ReasoNet (Ensemble) 82.6 48.0 34.6 74 -12
63 eeAttNet 82.5 58.5 24.0 41 22
64 Mnemonic Reader (Ensemble) 82.4 55.3 27.1 52 12
65 Conductor-net 81.9 61.6 20.3 33 32
66 Interactive AoA Reader 81.9 49.2 32.7 72 -6
67 Jenga 81.8 56.8 25.0 46 21
68 BiDAF + Self Attention 81.0 47.0 34.1 82 -14
69 two-attention-self-attention 81.0 51.1 29.9 68 1
70 AVIQA 80.5 51.3 29.2 67 3
71 attention+self-attention 80.5 50.0 30.4 70 1
72 Smarnet 80.2 60.1 20.0 39 33
73 Mnemonic Reader 80.1 56.0 24.1 49 24
74 MAMCN 79.9 47.7 32.3 76 -2
75 M-NET 79.8 53.1 26.7 64 11
76 JNet 79.8 47.0 32.8 81 -5
77 Ruminating Reader 79.5 47.7 31.8 77 0
78 ReasoNet 79.4 47.1 32.3 80 -2
79 SimpleBaseline 78.2 44.9 334 88 -9
80 PQMN 77.8 53.4 24.4 63 17
81 AllenNLP BiDAF 77.2 46.2 31.0 84 -3
82 Match-LSTM w/ Ans-Ptr (Ensemble) 77.0 41.8 352 91 -9
83 Iterative Co-Attention Network 76.8 439 329 89 -6
84 BIDAF-INDEPENDENT-DSS 76.3 45.7 30.6 85 -1
85 BIDAF-INDEPENDENT 74.6 42.6 32.0 90 -5
86 Match-LSTM w/ Bi-Ans-Ptr Boundary 73.7 39.0 34.8 92 -6
87 OTF dict+spelling 73.1 46.9 26.2 83 4
88 OTF spelling 72.0 449 27.1 87 1
89 OTF spelling+lemma 72.0 48.1 23.8 73 16
90 RQA+IDR 71.4 473 24.1 79 11
91 Dynamic Chunk Reader 71.0 45.1 25.9 86 5
92 UQA 64.0 48.0 16.1 75 17
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93 UnsupervisedQA V1 54.7 25.8 28.9 93 0

Table 15: Model EM scores for against the adversarial distribution shifts AddSent. Unless otherwise noted, all models are
single models.

AddSent EM Score Summary

New

Rank Name SQuAD AddSent Gap Rank A Rank
1 XLNet 89.9 71.2 18.7 2 -1
2 XLNET-123++ 89.9 73.3 16.6 1 1
3 XLNET-123 89.6 63.7 25.9 8 -5
4 SpanBERT 88.8 66.3 22.5 5 -1
5 BERT+WWM+MT 88.7 69.4 19.2 3 2
6 Tuned BERT-1seq Large Cased 87.5 65.8 21.7 6 0
7 InfoWord (large) 87.3 59.6 27.7 10 -3
8 BERT-Large Baseline 86.6 56.2 30.4 16 -8
9 Tuned BERT Large Cased 86.5 60.4 26.1 9 0
10 BERT+MT 86.5 64.4 22.1 7 3
11 ST bl 85.4 55.0 30.4 23 -12
12 EL-BERT 85.3 56.3 29.0 15 -3
13 BISAN 85.3 54.8 30.5 24 -11
14 BERT+Sparse-Transformer 85.1 54.4 30.7 25 -11
15 DPN 85.0 58.9 26.1 13 2
16 BERT-uncased 84.9 54.0 30.9 26 -10
17 InfoWord-Base 84.7 55.7 29.0 19 -2
18 InfoWord (base) 84.7 55.7 29.0 20 -2
19 InfoWord BERT baseline (base) 84.4 514 33.0 30 -11
20 Original BERT Large Cased 84.3 58.8 25.5 14 6
21 InfoWord BERT baseline (large) 84.3 56.2 28.1 17 4
22 MARS (ensemble, June 20 2018) 84.0 55.3 28.7 22 0
23 Common-sense Governed BERT-123 83.9 66.6 17.3 4 19
24 MARS 83.2 51.8 31.4 29 -5
25 MARS (June 21 2018) 83.1 53.2 29.9 27 -2
26 Common-sense Governed BERT-123 (May 8 2019) 82.9 59.3 23.6 12 14
27 Reinforced Mnemonic Reader (ensemble model) 82.3 55.6 26.7 21 6
28 AttentionReader+ (ensemble) 81.8 45.2 36.6 35 -7
29 MMIPN 81.6 444 37.2 38 -9
30 Reinforced Mnemonic Reader + A2D 81.5 56.0 25.5 18 12
31 Reinforced Mnemonic Reader + A2D + DA 81.4 59.5 21.9 11 20
32 BiDAF + Self Attention + ELMo (ensemble) 81.0 38.7 42.3 54 -22
33 BERT-COMPOUND 80.7 449 35.8 36 -3
34 AVIQA+ (ensemble) (aviga team) 80.6 40.7 39.9 47 -13
35 EAZI (ensemble) 80.4 38.1 42.3 58 -23
36 MEMEN+ (Ensemble) 80.4 39.5 40.9 51 -15
37 DNET (ensemble) 80.2 44.6 35.6 37 0
38 Reinforced Mnemonic Reader 79.5 53.0 26.5 28 10
39 MDReader 79.0 41.1 37.9 45 -6
40 BERT-INDEPENDENT 78.7 44.1 34.6 40 0
41 BiDAF + Self Attention + ELMo 78.6 38.6 40.0 57 -16
42 BiDAF + Self-Attention + ELMo 78.6 38.7 39.9 55 -13
43 MEMEN 78.2 38.0 40.2 59 -16
44 MEMEN+ 78.2 37.5 40.7 61 -17
45 MDReader0 78.2 38.7 39.5 56 -11
46 EAZI 78.0 37.7 40.3 60 -14
47 Interactive AoA Reader (Ensemble) 77.8 352 42.6 68 -21
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Rank Name SQuAD AddSent Gap Rank A Rank
48 DNET 77.6 44.3 333 39 9
49 RaSoR + TR + LM 77.6 42.2 354 43 6
50 AttentionReader+ 77.3 48.3 29.0 31 19
51 Jenga (ensemble) 77.2 36.1 41.1 64 -13
52 gqa 77.1 42.6 34.5 42 10
53 MARS (Jan 23) 76.9 46.2 30.7 33 20
54 FRC 76.2 39.8 36.4 49 5
55 FusionNet 76.0 40.9 35.1 46 9
56 AVIQA-v2 75.9 37.5 38.4 62 -6
57 MEMEN (Ensemble, original model in paper) 75.4 31.5 439 81 -24
58 Mixed model (ensemble) 75.3 43.1 322 41 17
59 two-attention-self-attention (ensemble) 75.2 354 39.8 67 -8
60 DCN+ 75.1 39.4 35.7 52 8
61 ReasoNet (Ensemble) 75.0 31.8 432 80 -19
62 eeAttNet 74.6 41.3 333 44 18
63 Jenga 74.4 35.5 38.9 66 -3
64 Mnemonic Reader (Ensemble) 74.3 40.7 33.6 48 16
65 Interactive AoA Reader 73.6 32.9 40.7 73 -8
66 Jenga 73.3 39.1 342 53 13
67 Conductor-net 73.2 473 25.9 32 35
68 two-attention-self-attention 72.6 36.1 36.5 65 3
69 AVIQA 72.5 343 38.2 70 -1
70 BiDAF + Self Attention 72.1 30.6 41.5 84 -14
71 attention+self-attention 71.7 33.7 38.0 71 0
72 Smarnet 71.4 45.5 259 34 38
73 M-NET 71.0 35.2 35.8 69 4
74 Mnemonic Reader 71.0 39.8 31.2 50 24
75 MAMCN 71.0 32.8 38.2 74 1
76 Ruminating Reader 70.6 324 38.2 77 -1
77 JNet 70.6 33.2 374 72 5
78 ReasoNet 70.6 31.1 39.5 82 -4
79 SimpleBaseline 69.6 29.1 40.5 87 -8
80 PQMN 68.3 36.8 31.5 63 17
81 Match-LSTM w/ Ans-Ptr (Ensemble) 67.9 24.3 43.6 91 -10
82 AllenNLP BiDAF 67.6 29.4 38.2 86 -4
83 Iterative Co-Attention Network 67.5 26.8 40.7 89 -6
84 BIDAF-INDEPENDENT-DSS 66.5 29.6 36.9 85 -1
85 BIDAF-INDEPENDENT 64.9 26.3 38.6 90 -5
86 Match-LSTM w/ Bi-Ans-Ptr Boundary 64.7 22.1 42.6 92 -6
87 OTF dict+spelling 64.1 31.0 33.1 83 4
88 OTF spelling 62.9 28.8 34.1 88 0
89 OTF spelling+lemma 62.6 32.1 30.5 78 11
90 Dynamic Chunk Reader 62.5 32.5 30.0 76 14
91 RQA+IDR 61.1 31.9 29.2 79 12
92 UQA 53.7 32.6 21.1 75 17
93 UnsupervisedQA V1 44.2 16.5 27.7 93 0

Table 16: Model EM scores for against the adversarial distribution shifts AddOneSent. Unless otherwise noted, all models
are single models.

AddOneSent EM Score Summary

Rank Name SQuAD  AddOneSent Gap ngr‘l};/( A Rank
1 XLNet 89.9 78.2 11.7 2 -1
2 XLNET-123++ 89.9 80.3 9.6 1 1
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New

Rank  Name SQuAD  AddOneSent  Gap Rank A Rank
3 XLNET-123 89.6 73.5 16.1 6 -3
4 SpanBERT 88.8 74.3 14.5 5 -1
5 BERT+WWM+MT 88.7 75.6 13.1 4 1
6 Tuned BERT-1seq Large Cased 87.5 73.1 14.4 7 -1
7 InfoWord (large) 87.3 67.5 19.8 11 -4
8 BERT-Large Baseline 86.6 65.4 21.2 15 -7
9 Tuned BERT Large Cased 86.5 68.6 17.9 9 0
10 BERT+MT 86.5 70.6 15.9 8 2
11 ST_bl 85.4 63.5 21.9 22 -11
12 EL-BERT 85.3 64.7 20.6 17 -5
13 BISAN 85.3 64.6 20.7 18 -5
14 BERT+Sparse-Transformer 85.1 63.2 21.9 24 -10
15 DPN 85.0 66.5 18.5 12 3
16 BERT-uncased 84.9 62.8 22.1 25 -9
17 InfoWord-Base 84.7 63.8 20.9 19 -2
18 InfoWord (base) 84.7 63.8 20.9 20 -2
19 InfoWord BERT baseline (base) 84.4 61.2 232 28 -9
20 Original BERT Large Cased 84.3 65.9 18.4 13 7
21 InfoWord BERT baseline (large) 84.3 65.4 18.9 16 5
22 MARS (ensemble, June 20 2018) 84.0 63.5 20.5 23 -1
23 Common-sense Governed BERT-123 83.9 76.0 7.9 3 20
24 MARS 83.2 59.0 24.2 30 -6
25 MARS (June 21 2018) 83.1 61.6 21.5 27 -2
26 Common-sense Governed BERT-123 (May 8 2019) 82.9 68.6 14.3 10 16
27 Reinforced Mnemonic Reader (ensemble model) 82.3 62.8 19.5 26 1
28 AttentionReader+ (ensemble) 81.8 55.2 26.6 33 -5
29 MMIPN 81.6 53.6 28.0 37 -8
30 Reinforced Mnemonic Reader + A2D 81.5 63.6 17.9 21 9
31 Reinforced Mnemonic Reader + A2D + DA 81.4 65.6 15.8 14 17
32 BiDAF + Self Attention + ELMo (ensemble) 81.0 48.7 32.3 53 -21
33 BERT-COMPOUND 80.7 55.5 25.2 32 1
34 AVIQA+ (ensemble) (aviga team) 80.6 50.7 29.9 46 -12
35 EAZI (ensemble) 80.4 49.0 314 50 -15
36 MEMEN+ (Ensemble) 80.4 49.3 31.1 48 -12
37 DNET (ensemble) 80.2 54.9 25.3 34 3
38 Reinforced Mnemonic Reader 79.5 60.5 19.0 29 9
39 MDReader 79.0 51.2 27.8 45 -6
40 BERT-INDEPENDENT 78.7 54.2 24.5 36 4
41 BiDAF + Self Attention + ELMo 78.6 479 30.7 58 -17
42 BiDAF + Self-Attention + ELMo 78.6 48.0 30.6 57 -15
43 MEMEN 78.2 474 30.8 60 -17
44 MEMEN+ 78.2 474 30.8 61 -17
45 MDReader0 78.2 48.1 30.1 56 -11
46 EAZI 78.0 47.0 31.0 62 -16
47 Interactive AoA Reader (Ensemble) 77.8 434 34.4 70 -23
48 DNET 77.6 53.3 24.3 40 8
49 RaSoR + TR + LM 77.6 514 26.2 44 5
50 AttentionReader+ 717.3 56.7 20.6 31 19
51 Jenga (ensemble) 77.2 47.0 30.2 63 -12
52 gqa 77.1 52.2 24.9 42 10
53 MARS (Jan 23) 76.9 53.5 234 39 14
54 FRC 76.2 48.8 27.4 52 2
55 FusionNet 76.0 49.8 26.2 47 8
56 AVIQA-v2 75.9 48.9 27.0 51 5
57 MEMEN (Ensemble, original model in paper) 75.4 41.5 33.9 73 -16
58 Mixed model (ensemble) 75.3 52.0 23.3 43 15
59 two-attention-self-attention (ensemble) 75.2 44.3 30.9 69 -10
60 DCN+ 75.1 47.7 27.4 59 1
61 ReasoNet (Ensemble) 75.0 41.7 33.3 72 -11
62 eeAttNet 74.6 52.6 22.0 41 21
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Rank  Name SQuAD  AddOneSent  Gap Rank A Rank
63 Jenga 74.4 45.6 28.8 65 -2
64 Mnemonic Reader (Ensemble) 74.3 48.7 25.6 54 10
65 Interactive AoA Reader 73.6 414 32.2 74 -9
66 Jenga 73.3 49.2 24.1 49 17
67 Conductor-net 73.2 54.4 18.8 35 32
68 two-attention-self-attention 72.6 44 4 28.2 68 0
69 AVIQA 72.5 45.7 26.8 64 5
70 BiDAF + Self Attention 72.1 39.7 324 81 -11
71 attention+self-attention 71.7 433 28.4 71 0
72 Smarnet 71.4 53.6 17.8 38 34
73 M-NET 71.0 454 25.6 67 6
74 Mnemonic Reader 71.0 48.5 22.5 55 19
75 MAMCN 71.0 40.9 30.1 76 -1
76 Ruminating Reader 70.6 414 29.2 75 1
77 JNet 70.6 40.4 30.2 77 0
78 ReasoNet 70.6 39.3 31.3 82 -4
79 SimpleBaseline 69.6 37.9 31.7 87 -8
80 PQMN 68.3 45.5 22.8 66 14
81 Match-LSTM w/ Ans-Ptr (Ensemble) 67.9 34.8 33.1 91 -10
82 AllenNLP BiDAF 67.6 38.0 29.6 86 -4
83 Iterative Co-Attention Network 67.5 35.6 31.9 89 -6
84 BIDAF-INDEPENDENT-DSS 66.5 38.2 28.3 85 -1
85 BIDAF-INDEPENDENT 64.9 34.9 30.0 90 -5
86 Match-LSTM w/ Bi-Ans-Ptr Boundary 64.7 31.6 33.1 92 -6
87 OTF dict+spelling 64.1 38.8 25.3 83 4
88 OTF spelling 62.9 37.0 25.9 88 0
89 OTF spelling+lemma 62.6 39.9 22.7 79 10
90 Dynamic Chunk Reader 62.5 38.6 239 84 6
91 RQA+IDR 61.1 40.0 21.1 78 13
92 UQA 53.7 39.9 13.8 80 12
93 UnsupervisedQA V1 44.2 20.3 23.9 93 0




