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reading than humans” [link]

2. Insider : For SQuAD, a model
has surpassed our estimate of
human performance.

3. Practitioner : There might be
value in QA models now.

4. Leader : Can we automate our
question answering?
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Dynabench

Dynabench: Rethinking Benchmarking in NLP
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Abstract

We introduce Dynabench, an open-source plat-
form for dynamic dataset creation and model
benchmarking. Dynabench runs in a web
browser and supports human-and-model-in-
the-loop dataset creation: annotators seek to
create examples that a target model will mis-
classify, but that another person will not. In
this paper, we argue that Dynabench addresses
a critical need in our community: contempo-
rary models quickly achieve outstanding per-
formance on benchmark tasks but nonethe-
less fail on simple challenge examples and
falter in real-world scenarios. With Dyn-
abench, dataset creation, model development,
and model assessment can directly inform
each other, leading to more robust and infor-
mative benchmarks. We report on four ini-
tial NLP tasks, illustrating these concepts and
highlighting the promise of the platform, and
address potential objections to dynamic bench-
marking as a new standard for the field.

1 Introduction

While it used to take decades for machine learning
models to surpass estimates of human performance
on benchmark tasks, that milestone is now rou-
tinely reached within just a few years for newer
datasets (see Figure 1). As with the rest of AI, NLP
has advanced rapidly thanks to improvements in
computational power, as well as algorithmic break-
throughs, ranging from attention mechanisms (Bah-
danau et al., 2014; Luong et al., 2015), to Trans-
formers (Vaswani et al., 2017), to pre-trained lan-
guage models (Howard and Ruder, 2018; Devlin
et al., 2019; Liu et al., 2019b; Radford et al., 2019;
Brown et al., 2020). Equally important has been the
rise of benchmarks that support the development of
ambitious new data-driven models and that encour-
age apples-to-apples model comparisons. Bench-
marks provide a north star goal for researchers, and

Figure 1: Benchmark saturation over time for popular
benchmarks, normalized with initial performance at mi-
nus one and human performance at zero.

are part of the reason we can confidently say we
have made great strides in our field.

In light of these developments, one might be
forgiven for thinking that NLP has created mod-
els with human-like language capabilities. Prac-
titioners know that, despite our progress, we are
actually far from this goal. Models that achieve
super-human performance on benchmark tasks (ac-
cording to the narrow criteria used to define hu-
man performance) nonetheless fail on simple chal-
lenge examples and falter in real-world scenarios.
A substantial part of the problem is that our bench-
mark tasks are not adequate proxies for the so-
phisticated and wide-ranging capabilities we are
targeting: they contain inadvertent and unwanted
statistical and social biases that make them artifi-
cially easy and misaligned with our true goals.

We believe the time is ripe to radically rethink
benchmarking. In this paper, which both takes a
position and seeks to offer a partial solution, we
introduce Dynabench, an open-source, web-based
research platform for dynamic data collection and
model benchmarking. The guiding hypothesis be-

14 / 37
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Dynamics of dynamic datasets

1. SWAG to BERT to HellaSWAG (Zellers et al. 2018, 2019)

2. Adversarial NLI (Nie et al. 2020)

3. Beat the AI (Bartolo et al. 2020)
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Abstract

Semantic word spaces have been very use-
ful but cannot express the meaning of longer
phrases in a principled way. Further progress
towards understanding compositionality in
tasks such as sentiment detection requires
richer supervised training and evaluation re-
sources and more powerful models of com-
position. To remedy this, we introduce a
Sentiment Treebank. It includes fine grained
sentiment labels for 215,154 phrases in the
parse trees of 11,855 sentences and presents
new challenges for sentiment composition-
ality. To address them, we introduce the
Recursive Neural Tensor Network. When
trained on the new treebank, this model out-
performs all previous methods on several met-
rics. It pushes the state of the art in single
sentence positive/negative classification from
80% up to 85.4%. The accuracy of predicting
fine-grained sentiment labels for all phrases
reaches 80.7%, an improvement of 9.7% over
bag of features baselines. Lastly, it is the only
model that can accurately capture the effects
of negation and its scope at various tree levels
for both positive and negative phrases.

1 Introduction

Semantic vector spaces for single words have been
widely used as features (Turney and Pantel, 2010).
Because they cannot capture the meaning of longer
phrases properly, compositionality in semantic vec-
tor spaces has recently received a lot of attention
(Mitchell and Lapata, 2010; Socher et al., 2010;
Zanzotto et al., 2010; Yessenalina and Cardie, 2011;
Socher et al., 2012; Grefenstette et al., 2013). How-
ever, progress is held back by the current lack of
large and labeled compositionality resources and
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Figure 1: Example of the Recursive Neural Tensor Net-
work accurately predicting 5 sentiment classes, very neg-
ative to very positive (– –, –, 0, +, + +), at every node of a
parse tree and capturing the negation and its scope in this
sentence.

models to accurately capture the underlying phe-
nomena presented in such data. To address this need,
we introduce the Stanford Sentiment Treebank and
a powerful Recursive Neural Tensor Network that
can accurately predict the compositional semantic
effects present in this new corpus.

The Stanford Sentiment Treebank is the first cor-
pus with fully labeled parse trees that allows for a
complete analysis of the compositional effects of
sentiment in language. The corpus is based on
the dataset introduced by Pang and Lee (2005) and
consists of 11,855 single sentences extracted from
movie reviews. It was parsed with the Stanford
parser (Klein and Manning, 2003) and includes a
total of 215,154 unique phrases from those parse
trees, each annotated by 3 human judges. This new
dataset allows us to analyze the intricacies of senti-
ment and to capture complex linguistic phenomena.
Fig. 1 shows one of the many examples with clear
compositional structure. The granularity and size of

1631
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Abstract

Machine learning (ML) currently exerts an outsized influence on the world, in-
creasingly affecting communities and institutional practices. It is therefore critical
that we question vague conceptions of the field as value-neutral or universally
beneficial, and investigate what specific values the field is advancing. In this pa-
per, we present a rigorous examination of the values of the field by quantitatively
and qualitatively analyzing 100 highly cited ML papers published at premier ML
conferences, ICML and NeurIPS. We annotate key features of papers which reveal
their values: how they justify their choice of project, which aspects they uplift,
their consideration of potential negative consequences, and their institutional affili-
ations and funding sources. We find that societal needs are typically very loosely
connected to the choice of project, if mentioned at all, and that consideration of
negative consequences is extremely rare. We identify 67 values that are uplifted
in machine learning research, and, of these, we find that papers most frequently
justify and assess themselves based on performance, generalization, efficiency,
researcher understanding, novelty, and building on previous work. We present
extensive textual evidence and analysis of how these values are operationalized.
Notably, we find that each of these top values is currently being defined and applied
with assumptions and implications generally supporting the centralization of power.
Finally, we find increasingly close ties between these highly cited papers and tech
companies and elite universities.

1 Introduction

Over the past few decades, ML has risen from a relatively obscure research area to an extremely
influential discipline, actively being deployed in myriad applications and contexts around the world.
The objectives and values of ML research are influenced by many factors, including the personal
preferences of researchers and reviewers, other work in science and engineering, the interests
of academic institutions, funding agencies and companies, and larger institutional and systemic
pressures, including systems of oppression impacting who is able to do research and on which topics.
Together these forces shape patterns in what research gets done and who benefits from this research.
Therefore, it is important to document and understand the emergent values of the field: what the field
is prioritizing and working toward. To this end, we perform a comprehensive analysis of 100 highly
cited NeurIPS and ICML papers from four recent years spanning more than a decade.

Our key contributions are as follows:
⇤equal contribution

Preprint. Under review.
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Dynabench and Dynascore

8

2 2 2 2

Model Performance Throughput Memory Fairness Robustness Dynascore

DeBERTa 76.25 4.47 6.97 88.33 90.06 45.92
ELECTRA-large 76.07 2.37 25.30 93.13 91.64 45.79
RoBERTa 69.67 6.88 6.17 88.32 86.10 42.54
ALBERT 68.63 6.85 2.54 87.44 80.90 41.74
BERT 57.14 6.70 5.55 91.45 80.81 36.07
BiDAF 53.48 10.71 3.60 80.79 77.03 33.96
Unrestricted T5 28.80 4.51 10.69 92.32 88.41 22.18
Return Context 5.99 89.80 1.10 95.97 91.61 15.47

Question answering
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1
Model Performance Throughput Memory Fairness Robustness Dynascore

DeBERTa 76.25 4.47 6.97 88.33 90.06 46.70
ELECTRA-large 76.07 2.37 25.30 93.13 91.64 46.86
RoBERTa 69.67 6.88 6.17 88.32 86.10 43.37
ALBERT 68.63 6.85 2.54 87.44 80.90 42.66
BERT 57.14 6.70 5.55 91.45 80.81 37.17
BiDAF 53.48 10.71 3.60 80.79 77.03 34.62
Unrestricted T5 28.80 4.51 10.69 92.32 88.41 23.19
Return Context 5.99 89.80 1.10 95.97 91.61 14.29

Question answering
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founded
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...

Stamford
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University

doc47, doc39, doc41, . . .

doc21, doc64, doc16, . . .

doc21, doc11, doc17, . . .

doc47, doc39, doc68, . . .

doc21, doc39, doc68, . . .

When was Stanford University founded?

Term look-up

Document scoring

doc39 A History of Stanford University
doc47 Stanford University – Wikipedia
doc64 Stanford University About Page
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Estimating human performance

Premise Label Hypothesis

A dog jumping neutral A dog wearing a sweater

turtle contradiction linguist

A photo of a race horse ? A photo of an athlete

A chef using a barbecue ? A person using a machine

Human response throughout: “Let’s discuss”

“Human performance” ≈ Average performance of harried crowdworkers
doing a machine task repeatedly
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Summary

Assessment today

• One-dimensional
• Largely insensitive to context (use-case)
• Terms set by the research community
• Opaque
• Tailored to machine tasks

Assessments in the future
• High-dimensional and fluid
• Highly sensitive to context (use-case)
• Terms set by the stakeholders
• Judgments ultimately made by users
• Tailored to human tasks (?)
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Overview Benchmark datasets Assessment Discussion

Opportunities and social responsibilities

• Self-expression
• Language preservation
• Accessibility
• Community building
• Healthcare
• Fraud detection
• Securities trading
• Recommendations
• Advertising
• Surveillance
• Propaganda
• Disinformation

1. Insider : ACL attendee

2. Practitioner : Informed
and engaged engineer

3. Leader : Executive with
technical training outside
of AI

4. User : Someone deriving
value from an NLP-driven
system
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First Rule . . . of many

Approved and
disapproved uses

Pernicious
social biases

Safety in
adversarial contexts

First rule:
Do exactly what you
said you would do
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Overview Benchmark datasets Assessment Discussion

Translational research efforts

AI will call for unique solutions, but these examples might be
inspiring:

• National Center for Advancing Translational Sciences

• The Translational Research Institute for Space Health

• Mapping Educational Specialist KnowHow (MESH)

• Nutrition labels on foods
(cf. https://datanutrition.org)
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Overview Benchmark datasets Assessment Discussion

Components and consequences

• Informing well-intentioned potential users of your ideas.
• Components:

É Datasets
É Assessment
É Structural evaluation methods: Probing, feature

attribution, causal abstraction, . . .
É Licensing of data, code, models
É Valuing tools as major contributions
É Accurate naming of concepts (Mitchell 2021; Lipton

and Steinhardt 2019)
É . . .

• Consequences:

É More multifaceted scientific goals
É More success out in the wider world

Thanks!
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