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Abstract
Current metrics for evaluating question answering (QA) datasets are based on
n-gram matching, which have a number of known shortcomings. In this work,
we examine the quality of current metrics by how well they correlate with human
judgements across three diverse QA datasets. Our work indicates that current
metrics do reasonably well in evaluating current datasets, but as QA datasets require
more abstract generative answering, metrics that go beyond n-gram matching will
be required.

1 Metrics
We assess the quality of five commonly used n-gram based metrics: BLEU-1, BLEU-4, METEOR,
ROUGE-L, and F1. In addition to these metrics, we explore whether metrics that rely on distribu-
tional similarity can outperform their n-gram counterparts. To this end, we study sentence mover’s
similarity (SMS), commonly used in summarization, and BERTScore, which was recently proposed
for evaluating translation.

2 Datasets
We describe the datasets used in this study and provide examples in Table 1.

NarrativeQA is a generative QA dataset on books and movie scripts (Kocisky et al., 2017). While
generative, the answers often have high overlap with words in the context. The official evaluation
metrics of NarrativeQA are BLEU-1, BLEU-4, METEOR, and ROUGE-L.

SemEval-2018 Task 11 is a multiple-choice dataset which focuses on commonsense reasoning
(Ostermann et al., 2018). We convert this into a generative QA dataset by using the correct answer as
a generative target. We hypothesize that this results in a more difficult generative dataset to evaluate
as a number of the answers in the SemEval dataset have no overlap with the question or context.

ROPES is a span-based QA dataset with questions that focus on cause-and-effect relationships (Lin
et al., 2019). The official evaluation metric is F1. A unique characteristic of ROPES is that incorrect
and correct answers often have some n-gram overlap. We hypothesize F1 will struggle to accurately
assign scores because of this.

3 Models
We use the outputs of trained models as the data to be annotated. For NarrativeQA and SemEval,
we train a multi-hop pointer generator model (Bauer et al., 2018). For ROPES, we finetune a BERT
model (Devlin et al., 2019).
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Dataset Context Question Gold Answer

NarrativeQA . . . After carrying the men through hyperspace,
the ship lands on a planet where faltering
robots refuel the ship . . .

How were the men
able to find fuel for
the spaceship?

The first planet had
robots that fueled
the ship.

SemEval One evening, I noticed my alarm clock had
stopped working. I lifted the plastic cover and
checked what batteries it required. . . .

Why did they throw
away the old batter-
ies?

They were no longer
useful

ROPES . . . Mark conducts test A and test B on an or-
ganism. In test A he reduces catalysts, but in
test B he induces catalysts.

Which test would
see slower reactions,
test A or test B?

test A

Table 1: Examples for the datasets we use in our study.

Metrics NarrativeQA SemEval ROPES
Spearman Kendall Spearman Kendall Spearman Kendall

BLEU-1 0.617 0.483 0.443 0.351 - -
BLEU-4 0.563 0.433 0.437 0.350 - -
METEOR 0.752 0.614 0.642 0.542 - -
ROUGE-L 0.707 0.577 0.570 0.489 - -
Sentence Mover’s Similarity 0.474 0.365 0.488 0.384 0.376 0.307
BERTScore 0.733 0.573 0.406 0.323 0.448 0.365
F1 - - - - 0.591 0.540

Table 2: Correlation between metrics and human judgments using Spearman’s rho (ρ) and Kendall’s
tau (τ ) rank correlation. “-” indicates the metric is not used for the dataset.

4 Results
After training, we extract 500, 500, and 300 model predictions from the validation sets of NarrativeQA,
ROPES, and SemEval respectively. We filter out cases where the prediction matches the gold answer.

Annotators are then asked to rate (from 1 to 5) how closely a prediction captures the same information
as a gold answer. We compute the Spearman and Kendall correlation of the annotations to the scores
assigned by metrics. Results are presented in Table 2.

4.1 Discussion
ROPES proves to be a challenging dataset for F1 to evaluate. This highlights the fact that while F1
is a reasonable metric for many span-based QA datasets, the types of questions and answers can
influence how well it works in practice.

We discover with SemEval that existing metrics do considerably worse compared to NarrativeQA.
This aligns with our hypothesis that more free-form generative QA datasets leads to a degradation in
n-gram based metrics’ performance.

Finally, BERTScore and SMS fall behind the best metric for each dataset. This points to the fact that
metrics that perform well for evaluating summarization and translation do not necessarily indicate
success in evaluating question answering.

5 Conclusion
We present a study of existing metrics by comparing their correlation to human accuracy judgements
on three QA datasets. We find that while existing metrics do reasonable on existing datasets, as
generative QA datasets become more abstractive in nature, better metrics that go beyond n-gram
matching will be required.

2



References

[1] Lisa Bauer, Yicheng Wang, and Mohit Bansal. 2018. Commonsense for generative multi-hop
question answering tasks. In ACL.

[2] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2019. Bert: Pre-training of
deep bidirectional transformers for language understanding. NAACL-HLT.

[3] Tomás Kocis , Jonathan Schwarz, Phil Blunsom, Chris Dyer, Karl Moritz Hermann, Gábor Melis,
and Edward Grefenstette. 2017. The narrativeqa reading comprehension challenge. Transactions of
the Association for Computational Linguistics, 6:317–328.

[4] Kevin Lin, Oyvind Tafjord, Peter Clark, and Matt Gardner. 2019. Reasoning over paragraph
effects in situations. ArXiv, abs/1908.05852.

[5] Simon Ostermann, Michael Roth, Ashutosh Modi, Stefan Thater, and Manfred Pinkal.
2018. Semeval-2018 task 11: Machine comprehension using commonsense knowledge. In
SemEval@NAACL-HLT.

3


	Metrics
	Datasets
	Models
	Results
	Discussion

	Conclusion

