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Overview

The best of times and the worst of times . . .

• Amazing breakthroughs and a feeling of stasis
• More successes, more awareness of failures
• Widespready adoption of, and frustration with, NLP

How will be get out of this rut?

This is the most exciting time in history to be doing NLU!
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Watson wins Jeopardy (2011)
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QANTA beats Ken Jennings (2015)
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Artificial assistants
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Image captioning
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Text generation

https://www.copy.ai

https://www.wordtune.com/
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Stanford Question Answering Dataset (SQuAD)

...

11 / 54

Rajpurkar et al. 2016



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Stanford Question Answering Dataset (SQuAD)

...

11 / 54

Rajpurkar et al. 2016



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Stanford Natural Language Inference (SNLI)
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GLUE

Wang et al. (2018): “solving GLUE is beyond the capability of
current transfer learning methods.”
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SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?
[. . . ]

Colbert: I don’t want to search for anything!
I want to write the show!

Siri: Searching the Web for “search for
anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?
[. . . ]

Colbert: I don’t want to search for anything!
I want to write the show!

Siri: Searching the Web for “search for
anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?

[. . . ]
Colbert: I don’t want to search for anything!

I want to write the show!
Siri: Searching the Web for “search for

anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?

[. . . ]
Colbert: I don’t want to search for anything!

I want to write the show!
Siri: Searching the Web for “search for

anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?
[. . . ]

Colbert: I don’t want to search for anything!
I want to write the show!

Siri: Searching the Web for “search for
anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?
[. . . ]

Colbert: I don’t want to search for anything!
I want to write the show!

Siri: Searching the Web for “search for
anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SIRI on The Colbert Show

Colbert: For the love of God, the cameras
are on, give me something?

Siri: What kind of place are you looking
for? Camera stores or churches?
[. . . ]

Colbert: I don’t want to search for anything!
I want to write the show!

Siri: Searching the Web for “search for
anything. I want to write the
shuffle.”

18 / 54

Slide idea from Marie de Marneffe



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Un-human image captioning

19 / 54

Sutskever et al. 2014



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Un-human image captioning

19 / 54

Sutskever et al. 2014



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Worrisome text generation with GPT-3

@yoavgo

www.nabla.com/
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Misleading automatic curation

21 / 54

https://searchengineland.com

https://searchengineland.com


Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Misleading automatic curation

21 / 54

https://searchengineland.com

https://searchengineland.com


Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Bias perpetuation

22 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

SQuAD adversarial testing

Passage
Peyton Manning became the first quarterback ever to lead
two different teams to multiple Super Bowls. He is also the
oldest quarterback ever to play in a Super Bowl at age 39.
The past record was held by John Elway, who led the Broncos
to victory in Super Bowl XXXIII at age 38 and is currently
Denver’s Executive Vice President of Football Operations and
General Manager.

Question
What is the name of the quarterback who was 38 in Super
Bowl XXXIII?

Answer
John Elway

Model: Leland Stanford
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SQuAD adversarial testing
System Original Adversarial

ReasoNet-E 81.1 39.4
SEDT-E 80.1 35.0
BiDAF-E 80.0 34.2
Mnemonic-E 79.1 46.2
Ruminating 78.8 37.4
jNet 78.6 37.9
Mnemonic-S 78.5 46.6
ReasoNet-S 78.2 39.4
MPCM-S 77.0 40.3
SEDT-S 76.9 33.9
RaSOR 76.2 39.5
BiDAF-S 75.5 34.3
Match-E 75.4 29.4
Match-S 71.4 27.3
DCR 69.4 37.8
Logistic 50.4 23.2
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SQuAD adversarial testing
System Original Rank Adversarial Rank

ReasoNet-E 1 5
SEDT-E 2 10
BiDAF-E 3 12
Mnemonic-E 4 2
Ruminating 5 9
jNet 6 7
Mnemonic-S 7 1
ReasoNet-S 8 5
MPCM-S 9 3
SEDT-S 10 13
RaSOR 11 4
BiDAF-S 12 11
Match-E 13 14
Match-S 14 15
DCR 15 8
Logistic 16 16
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NLI adversarial testing

Premise Relation Hypothesis

A turtle danced. entails A turtle moved.

Every reptile danced. neutral A turtle ate.

Some turtles walk. contradicts No turtles move.
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NLI adversarial testing

Premise Relation Hypothesis

Train
A little girl
kneeling
in the dirt crying.

entails A little girl is very
sad.

Adversarial

entails A little girl is very
unhappy.
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NLI adversarial testing

Premise Relation Hypothesis

Train

A woman is
pulling a child on
a sled in the snow.

entails

A child is sitting
on a sled in the
snow.

Adversarial

A child is pulling
a woman on a
sled in the snow.

neutral
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NLI adversarial testing

Off-the-shelf RoBERTa fine-funed on MultiNLI:

precision recall F1 N

contradiction 0.99 0.97 0.98 7,164
entailment 0.86 1.00 0.92 982
neutral 0.15 0.15 0.15 14

Macro avg. 0.67 0.71 0.68 8,193
Accuracy 0.97 8,193
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DynaSent

1. A golden age for NLU
2. A peek behind the curtain
3. DynaSent
4. Round 1
5. Round 2
6. General lessons

26 / 54



Overview A golden age for NLU A peek behind the curtain DynaSent Round 1 Round 2 General lessons Conclusion

Towards more robust systems

Structural evaluation methods
• Probing
• Feature attribution
• Causal abstractions of neural models

Behavioral evaluations
• Standard train/test splits
• Adversarial testing
• Adversarial training and testing
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Real-world performance falls short

[. . . ]
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Burn-Murdoch 2013; Gossett 2020
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Dataset overview (to date!)

Model 0
RoBERTa fine-

tuned on senti-
ment benchmarks

Model 0 used to find
challenging naturally
occurring sentences

Human validationRound 1 Dataset

Model 1
RoBERTa fine-tuned

on sentiment
benchmarks +

Round 1 Dataset

Dynabench used
to crowdsource
sentences that

fool Model 1

Human validationRound 2 Dataset
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Dynabench

Dynabench: Rethinking Benchmarking in NLP
Douwe Kiela†, Max Bartolo‡, Yixin Nie?, Divyansh Kaushik§, Atticus Geiger¶,

Zhengxuan Wu¶, Bertie Vidgenk, Grusha Prasad??, Amanpreet Singh†, Pratik Ringshia†,

Zhiyi Ma†, Tristan Thrush†, Sebastian Riedel†‡, Zeerak Waseem††, Pontus Stenetorp‡,

Robin Jia†, Mohit Bansal?, Christopher Potts¶ and Adina Williams†

† Facebook AI Research; ‡ UCL; ? UNC Chapel Hill; § CMU; ¶ Stanford University
k Alan Turing Institute; ?? JHU; †† Simon Fraser University

dynabench@fb.com

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-

30 / 54
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Dynabench

Task-Oriented Dialogue as Dataflow Synthesis
Jacob Andreas John Bufe David Burkett Charles Chen Josh Clausman
Jean Crawford Kate Crim Jordan DeLoach Leah Dorner Jason Eisner
Hao Fang Alan Guo David Hall Kristin Hayes Kellie Hill Diana Ho
Wendy Iwaszuk Smriti Jha Dan Klein Jayant Krishnamurthy Theo Lanman
Percy Liang Christopher H. Lin Ilya Lintsbakh Andy McGovern
Aleksandr Nisnevich Adam Pauls Dmitrij Petters Brent Read Dan Roth
Subhro Roy Jesse Rusak Beth Short Div Slomin Ben Snyder
Stephon Striplin Yu Su Zachary Tellman Sam Thomson Andrei Vorobev
Izabela Witoszko Jason Wolfe Abby Wray Yuchen Zhang Alexander Zotov

Microsoft Semantic Machines <sminfo@microsoft.com>

Abstract
We describe an approach to task-oriented
dialogue in which dialogue state is rep-
resented as a dataflow graph. A dialogue
agent maps each user utterance to a program
that extends this graph. Programs include
metacomputation operators for reference
and revision that reuse dataflow fragments
from previous turns. Our graph-based state
enables the expression and manipulation
of complex user intents, and explicit meta-
computation makes these intents easier for
learned models to predict. We introduce a
new dataset, SMCalFlow, featuring complex
dialogues about events, weather, places, and
people. Experiments show that dataflow
graphs and metacomputation substantially
improve representability and predictability
in these natural dialogues. Additional
experiments on the MultiWOZ dataset show
that our dataflow representation enables
an otherwise off-the-shelf sequence-to-
sequence model to match the best existing
task-specific state tracking model. The SM-
CalFlow dataset, code for replicating exper-
iments, and a public leaderboard are avail-
able at https://www.microsoft.com/en-
us/research/project/dataflow-

based-dialogue-semantic-machines.

1 Introduction

Two central design decisions in modern conversa-
tional AI systems are the choices of state and ac-
tion representations, which determine the scope of
possible user requests and agent behaviors. Di-
alogue systems with fixed symbolic state repre-
sentations (like slot filling systems) are easy to
train but hard to extend (Pieraccini et al., 1992).
Deep continuous state representations are flexible
enough to represent arbitrary properties of the dia-
logue history, but so unconstrained that training a

User: Where is my meeting at 2 this afternoon?

User: Can you create a meeting with Megan right 
before that starts?

User: Megan Bowen.

place(findEvent(EventSpec(start=pm(2))))

createEvent(EventSpec( 
  end=start(refer(Constraint[Event]())), 
  attendee=PersonSpec(name='Megan') 
))

revise( 
  new=PersonSpec(name='Megan Bowen'), 
  oldLoc=Constraint[PersonSpec](), 
  rootLoc=RoleConstraint(output) 
)

pm2 findEvent

Event(name=“kickoff”, place=…)

Agent: It’s in Conference Room D.

start

'Megan'

Agent: Which person named Megan did you mean?

UnderconstrainedException!(invite)

Agent: Ok, I’ll book a meeting with Megan 
Bowen from 1:30 to 2:00 pm today.

(1)

(2)

(3)

createEvent
name

end
att.

Event(start=1:30, end=2:00, attendee=Person(…))

“Conference Room D”

placeEventSpec

findEvent
place

start

pm2 EventSpec
start

EventSpecPersonSpec

start

'Megan' createEvent
name

end

att.

findEvent
place

pm2 EventSpec
start

EventSpecPersonSpec

'Megan 
  Bowen' 

createEvent
name att.

EventSpecPersonSpec

oldLoc

New

rootLoc

Figure 1: A dialogue and its dataflow graph. Turn (1) is
an ordinary case of semantic parsing: the agent predicts
a compositional query that encodes the user’s question.
Evaluating this program produces an initial graph frag-
ment. In turn (2), that is used to refer to a salient Event;
the agent resolves it to the event retrieved in (1), then
uses it in a subsequent computation. Turn (3) repairs
an exception via a program that makes a modified copy
of a graph fragment.
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Abstract

Standard test sets for supervised learning eval-
uate in-distribution generalization. Unfortu-
nately, when a dataset has systematic gaps
(e.g., annotation artifacts), these evaluations
are misleading: a model can learn simple deci-
sion rules that perform well on the test set but
do not capture the abilities a dataset is intended
to test. We propose a more rigorous annotation
paradigm for NLP that helps to close system-
atic gaps in the test data. In particular, after
a dataset is constructed, we recommend that
the dataset authors manually perturb the test in-
stances in small but meaningful ways that (typ-
ically) change the gold label, creating contrast
sets. Contrast sets provide a local view of a
model’s decision boundary, which can be used
to more accurately evaluate a model’s true lin-
guistic capabilities. We demonstrate the effi-
cacy of contrast sets by creating them for 10 di-
verse NLP datasets (e.g., DROP reading com-
prehension, UD parsing, and IMDb sentiment
analysis). Although our contrast sets are not
explicitly adversarial, model performance is
significantly lower on them than on the origi-
nal test sets—up to 25% in some cases. We re-
lease our contrast sets as new evaluation bench-
marks and encourage future dataset construc-
tion efforts to follow similar annotation pro-
cesses.

1 Introduction

Progress in natural language processing (NLP)
has long been measured with standard benchmark
datasets (e.g., Marcus et al., 1993). These bench-
marks help to provide a uniform evaluation of new
modeling developments. However, recent work
shows a problem with this standard evaluation
paradigm based on i.i.d. test sets: datasets often

F Matt Gardner led the project. All other authors are
listed in alphabetical order.

Two similarly-colored and similarly-posed 
chow dogs are face to face in one image.

Two similarly-colored and similarly-posed 
cats are face to face in one image.

Three similarly-colored and similarly-posed 
chow dogs are face to face in one image.

Two differently-colored but similarly-posed 
chow dogs are face to face in one image.

Original Example:

Example Textual Perturbations:

Two similarly-colored and similarly-posed 
chow dogs are face to face in one image.

Example Image Perturbation:

Figure 1: An example contrast set for NLVR2 (Suhr
and Artzi, 2019). The label for the original example
is TRUE and the label for all of the perturbed exam-
ples is FALSE. The contrast set allows probing of a
model’s decision boundary local to examples in the test
set, which better evaluates whether the model has cap-
tured the relevant phenomena than standard metrics on
i.i.d. test data.

have systematic gaps (such as those due to various
kinds of annotator bias) that (unintentionally) al-
low simple decision rules to perform well on test
data (Chen et al., 2016; Gururangan et al., 2018;
Geva et al., 2019). This is strikingly evident when
models achieve high test accuracy but fail on sim-
ple input perturbations (Jia and Liang, 2017; Feng
et al., 2018; Ribeiro et al., 2018a), challenge ex-
amples (Naik et al., 2018), and covariate and label
shifts (Ben-David et al., 2010; Shimodaira, 2000;
Lipton et al., 2018).

To more accurately evaluate a model’s true ca-
pabilities on some task, we must collect data that
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MasakhaNER: Named Entity Recognition for African Languages
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Abstract

We take a step towards addressing the under­
representation of the African continent in NLP
research by creating the first large publicly
available high­quality dataset for named entity
recognition (NER) in ten African languages,
bringing together a variety of stakeholders.
We detail characteristics of the languages to
help researchers understand the challenges that
these languages pose for NER. We analyze our
datasets and conduct an extensive empirical
evaluation of state­of­the­art methods across
both supervised and transfer learning settings.
We release the data, code, and models in order
to inspire future research on African NLP1.

1?iiTb,ff;Bi?m#X+QKfK�b�F?�M2@BQf
K�b�F?�M2@M2`

1 Introduction

Africa has over 2,000 languages (Eberhard et al.,
2020); however, these languages are scarcely rep­
resented in existing natural language processing
(NLP) datasets, research, and tools (Martinus and
Abbott, 2019). ∀ et al. (2020) investigate the rea­
sons for these disparities by examining how NLP
for low­resource languages is constrained by sev­
eral societal factors. One of these factors is the
geographical and language diversity of NLP re­
searchers. For example, only 5 out of the 2695
affiliations of authors whose work was published
at the five major NLP conferences in 2019 are
from African institutions (Caines, 2019). Many
NLP tasks such as machine translation, text classi­
fication, part­of­speech tagging, and named entity
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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-
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External assessment datasets

SST-3 Yelp Amazon
Dev Test Dev Test Dev Test

Positive 444 909 9,577 10,423 130,631 129,369
Negative 428 912 10,222 9,778 129,108 130,892
Neutral 228 389 5,201 4,799 65,261 64,739

Total 1,100 2,210 25,000 25,000 325,000 325,000
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Model 0: RoBERTa-based classifier

Training data

CR IMDB SST-3 Yelp Amazon

Positive 2,405 12,500 42,672 260,000 1,200,000
Negative 1,366 12,500 34,944 260,000 1,200,000
Neutral 0 0 81,658 130,000 600,000

Total 3,771 25,000 159,274 650,000 3,000,000

Performance on external assessment datasets

SST-3 Yelp Amazon
Dev Test Dev Test Dev Test

Positive 85.1 89.0 88.3 90.5 89.1 89.4
Negative 84.1 84.1 88.8 89.1 86.6 86.6
Neutral 45.4 43.5 58.2 59.4 53.9 53.7

Macro avg 71.5 72.2 78.4 79.7 76.5 76.6
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Harvesting sentences

Favor sentences where the review is 1-star and Model 0
predicts positive, and where the review is 5-star and Model 0
predicts negative.
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Validation
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Resulting dataset

Dist Majority Label
Train Train Dev Test

Positive 130,045 21,391 1,200 1,200
Negative 86,486 14,021 1,200 1,200
Neutral 215,935 45,076 1,200 1,200
Mixed 39,829 3,900 0 0
No Majority – 10,071 0 0
Total 472,295 94,459 3,600 3,600

47% adversarial examples
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Model 0 versus the humans

Model 0

SST-3 Yelp Amazon Round 1
Dev Test Dev Test Dev Test Dev Test

Positive 85.1 89.0 88.3 90.5 89.1 89.4 33.3 33.3
Negative 84.1 84.1 88.8 89.1 86.6 86.6 33.3 33.3
Neutral 45.4 43.5 58.2 59.4 53.9 53.7 33.3 33.3

Macro avg 71.5 72.2 78.4 79.7 76.5 76.6 33.3 33.3

Five annotators synthesized from our crowd

Dev Test

Positive 88.1 87.8
Negative 89.2 89.3
Neutral 86.6 86.9

Macro avg 88.0 88.0

Note: 614/1,280 workers never disagreed with the majority label.
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Randomly sampled (short) examples

Sentence Model 0 Responses

Good food nasty attitude by hostesses . neg mix, mix, mix, neg, neg
Not much of a cocktail menu that I saw. neg neg, neg, neg, neg, neg
I scheduled the work for 3 weeks later. neg neu, neu, neu, neu, pos
I was very mistaken, it was much more! neg neg, pos, pos, pos, pos

It is a gimmick, but when in Rome, I get it. neu mix, mix, mix, neu, neu
Probably a little pricey for lunch. neu mix, neg, neg, neg, neg
But this is strictly just my opinion. neu neu, neu, neu, neu, pos
The price was okay, not too pricey. neu mix, neu, pos, pos, pos

The only downside was service was a little slow. pos mix, mix, mix, neg, neg
However there is a 2 hr seating time limit. pos mix, neg, neg, neg, neu
With Alex, I never got that feeling. pos neu, neu, neu, neu, pos
Its ran very well by management. pos pos, pos, pos, pos, pos
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Model 1: RoBERTa-based classifier

Training data

CR IMDB SST-3 Yelp Amazon Round 1

Positive 2,405 12,500 128,016 29,841 133,411 339,748
Negative 1,366 12,500 104,832 30,086 133,267 252,630
Neutral 0 0 244,974 30,073 133,322 431,870

Total 3,771 25,000 477,822 90,000 400,000 1,024,248

Performance on external assessment datasets and Round 1

SST-3 Yelp Amazon Round 1
Dev Test Dev Test Dev Test Dev Test

Positive 84.6 88.6 80.0 83.1 83.3 83.3 81.0 80.4
Negative 82.7 84.4 79.5 79.6 78.7 78.8 80.5 80.2
Neutral 40.0 45.2 56.7 56.6 55.5 55.4 83.1 83.5
Macro avg 69.1 72.7 72.1 73.1 72.5 72.5 81.5 81.4

Model 0 71.5 72.2 78.4 79.7 76.5 76.6 33.3 33.3
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Dynabench interface
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Validation

Same as in Round 1.
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Resulting dataset

Dist Majority Label
Train Train Dev Test

Positive 32,551 6,038 240 240
Negative 24,994 4,579 240 240
Neutral 16,365 2,448 240 240
Mixed 18,765 3,334 0 0
No Majority – 2,136 0 0
Total 92,675 18,535 720 720

19% adversarial examples
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Model 1 versus the humans

Model 1

SST-3 Yelp Amazon Round 1 Round 2
Dev Test Dev Test Dev Test Dev Test Dev Test

Positive 84.6 88.6 80.0 83.1 83.3 83.3 81.0 80.4 33.3 33.3
Negative 82.7 84.4 79.5 79.6 78.7 78.8 80.5 80.2 33.3 33.3
Neutral 40.0 45.2 56.7 56.6 55.5 55.4 83.1 83.5 33.3 33.3

Macro avg 69.1 72.7 72.1 73.1 72.5 72.5 81.5 81.4 33.3 33.3

Five annotators synthesized from our crowd

Dev Test

Positive 91.0 90.9
Negative 91.2 91.0
Neutral 88.9 88.2

Macro avg 90.4 90.0

Note: 116/244 workers never disagreed with the majority label.
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Randomly sampled (short) examples

Sentence Model 1 Responses

The place was somewhat good and not well neg mix, mix, mix, mix, neg
I bought a new car and met with an accident. neg neg, neg, neg, neg, neg
The retail store is closed for now at least. neg neu, neu, neu, neu, neu
Prices are basically like garage sale prices. neg neg, neu, pos, pos, pos

That book was good. I need to get rid of it. neu mix, mix, mix, neg, pos
I REALLY wanted to like this place neu mix, neg, neg, neg, pos
I’m going to leave my money for the next vet. neu neg, neu, neu, neu, neu
once the model made a super decision. neu pos, pos, pos, pos, pos

I cook my caribbean food and it was okay pos mix, mix, mix, pos, pos
This concept is really cool in name only. pos mix, neg, neg, neg, neu
Wow, it’d be super cool if you could join us pos neu, neu, neu, neu, pos
Knife cut thru it like butter! It was great. pos pos, pos, pos, pos, pos
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General lessons

1. A golden age for NLU
2. A peek behind the curtain
3. DynaSent
4. Round 1
5. Round 2
6. General lessons
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Prompts are better
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Different notions of neutral

Comparing SST-dev labels with our revalidation:

SST-3
Positive Negative Neutral

Positive 367 2 64
Negative 5 359 57
Neutral 23 8 44
Mixed 34 35 39
No Majority 15 24 25

Lesson: 3-star reviews mix Neutral, Mixed, and Uncertain
examples. We should be cautious when using it to train

models to find Neutral examples.
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Fine-tuning challenges
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Conclusion

1. Our best model so far: an ELECTRA-based model that
gets 83.1 F1 on Round 1 and 70.8 on Round 2.

2. Can you do better?

3. Can you help with label-shift we will experience if we
make use of large review corpora?

4. Next DynaSent rounds are in progress:

É More emotional dimensions
É Data from outside of product reviews

5. New Dynabench-derived benchmark which I hope will be
called DynaSAUR: NLI, QA, hate speech, and sentiment
(Dynaset).

Thanks!
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