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We all know that ML evaluation has issues. 
What makes Natural Language Generation special?

An NLG system 
with an explicit communicative goal

Structured or textual information 
that defines the output space

Natural Language - fluent, understandable, 
in accordance with the communicative goal



What makes Natural Language Generation special?

An NLG system 
with an explicit communicative goal

Structured or textual information 
that defines the output space

Natural Language - fluent, understandable, 
in accordance with the communicative goal

Huge output space.
No “accuracy”.

No one size fits all



Figure from Repairing the Cracked Foundation: A Survey of Obstacles in Evaluation Practices for Generated Text, Gehrmann, Clark, and Sellam, 2022

NLG suffers from “leaderboarding” and flawed standardization.

Leaderboard

Flawed pipeline

https://arxiv.org/abs/2202.06935


We propose 8 categories of best practices with 29 suggestions. 
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1) They should lead to better evaluations without major additional work (baby steps…) 
2) Whether someone follows them should be easy for reviewers to identify.
3) They should be grounded in all the related literature.*

*For all 300+ references, see the extended ArXiv version, and related surveys by Howcroft et al. van der Lee et al., and Liao et al.

https://arxiv.org/abs/2202.06935
https://aclanthology.org/2020.inlg-1.23/
https://aclanthology.org/W19-8643/
https://openreview.net/forum?id=mPducS1MsEK


We propose 8 categories of best practices with 29 suggestions. 
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1) They should lead to better evaluations without major additional work (baby steps…) 
2) Whether someone follows them should be easy for reviewers to identify.
3) They should be grounded in all the related literature.*

What are they and do people already follow them?

https://arxiv.org/abs/2202.06935
https://aclanthology.org/2020.inlg-1.23/
https://aclanthology.org/W19-8643/
https://openreview.net/forum?id=mPducS1MsEK


Some highlights of what we found.

Make informed choices and document them.

While 84% of papers evaluate on multiple datasets, 
only 29% include any non-English ones.

<30% of papers state why they use a particular 
dataset or metric (standardization effect!)

Measure specific effects. Avoid overclaims.

About half of the papers make claims about overall 
quality when this is not what is being measured.

Only 30% of papers discuss limitations.
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Some highlights of what we found.

Address issues in the data.

Almost 30% point out issues with the data, but we 
found only 3 papers that something about it.

Only a single paper contributed to data 
documentation. We have a long way to go.

Conduct robust human evaluations.

The median n in human eval is 100, but we know that 
we need at least 300-500 to get repeatable results!

Only 40% analyzed result validity and 20% discussed 
whether subjects were qualified for a task.
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Some highlights of what we found.

Analyze and document the results.

20-25% each reported results for subpopulations, on 
non-i.i.d. test sets, or conducted error analyses.

Release outputs and annotation.

Almost no model outputs or human annotations were 
released. This is crucial for evaluation research.
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Takeaways
We can take easy steps to improve our evaluations. 

Many of the suggestions are not specific to NLG. 

We can only expect better evaluation standards, 
if we as reviewers hold authors accountable for bad eval practices.
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