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But ML has huge societal implications and we, as the people 
who build these things, need to think about these

Arguably neural / deep models exacerbate these problems 
because they are brittle and hard to interpret
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Today

A look at some of the key issues facing ML in practice, and 
societal implications of these

Caveat: This is a field unto itself, and I have no formal training; 
fortunately, on Monday we have more on this topic from 
external folks, who will provide a coherent framework!



Outline

• Fairness and bias; formalisms of these
• Robustness/brittleness







Regression

Boston Housing Data (source: UCI ML datasets)
https://archive.ics.uci.edu/ml/datasets/Housing

Goal: Predict a Continuous Label



Target Variable

MEDV: Median value of owner-occupied homes in $1000's

Regression
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Q: Is it ok to use to B here?  



In general how do we define bias?

q Discrimination on the basis of things (features, if you will) that we feel 
morally should have no bearing



In general how do we define bias?

q Discrimination on the basis of things (features, if you will) that we feel 
morally should have no bearing

q Especially for domains in which predictions may have a large impact on 
individuals (criminal justice, education, housing …)



Legally “protected classes”
Race (Civil Rights Act of 1964); Color (Civil Rights Act of 1964); Sex (Equal Pay Act of 
1963; Civil Rights Act of 1964); Religion (Civil Rights Act of 1964);National origin (Civil 
Rights Act of 1964); Citizenship (Immigration Reform and Control Act); Age (Age 
Discrimination in Employment Act of 1967);Pregnancy (Pregnancy Discrimination 
Act); Familial status (Civil Rights Act of 1968); Disability status (Rehabilitation Act of 
1973; Americans with Disabilities Act of 1990); Veteran status (Vietnam Era Veterans' 
Readjustment Assistance Act of 1974; Uniformed Services Employment and 
Reemployment Rights Act); Genetic information (Genetic Information 
Nondiscrimination Act)

Legally recognized as unsound bases to treat people differently!



Can’t we just withhold features that contain this info?

q No: There are often proxy features that implicitly capture this
• e.g., zip-code may strongly correlate with race



When things go wrong



http://gendershades.org/overview.html
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Wait, which bias?

q There are various technical sorts of biases
• E.g., think of the bias-variance trade-off (this being an inductive bias)

q Here we are taking about bias from an ethical perspective
The blind application of machine learning runs the risk of amplifying biases present in data. 

[Bolukbasi et al., 2016]



Some recentish (mostly NLP) examples
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Abstract
The blind application of machine learning runs the risk of amplifying biases present in data. Such a

danger is facing us with word embedding, a popular framework to represent text data as vectors which
has been used in many machine learning and natural language processing tasks. We show that even
word embeddings trained on Google News articles exhibit female/male gender stereotypes to a disturbing
extent. This raises concerns because their widespread use, as we describe, often tends to amplify these
biases. Geometrically, gender bias is first shown to be captured by a direction in the word embedding.
Second, gender neutral words are shown to be linearly separable from gender definition words in the word
embedding. Using these properties, we provide a methodology for modifying an embedding to remove
gender stereotypes, such as the association between between the words receptionist and female, while
maintaining desired associations such as between the words queen and female. We define metrics to
quantify both direct and indirect gender biases in embeddings, and develop algorithms to “debias” the
embedding. Using crowd-worker evaluation as well as standard benchmarks, we empirically demonstrate
that our algorithms significantly reduce gender bias in embeddings while preserving the its useful properties
such as the ability to cluster related concepts and to solve analogy tasks. The resulting embeddings can
be used in applications without amplifying gender bias.

1 Introduction

There have been hundreds or thousands of papers written about word embeddings and their applications,
from Web search [27] to parsing Curriculum Vitae [16]. However, none of these papers have recognized how
blatantly sexist the embeddings are and hence risk introducing biases of various types into real-world systems.

A word embedding that represent each word (or common phrase) w as a d-dimensional word vector
~w 2 Rd. Word embeddings, trained only on word co-occurrence in text corpora, serve as a dictionary of sorts
for computer programs that would like to use word meaning. First, words with similar semantic meanings
tend to have vectors that are close together. Second, the vector differences between words in embeddings
have been shown to represent relationships between words [32, 26]. For example given an analogy puzzle,
“man is to king as woman is to x” (denoted as man:king :: woman:x), simple arithmetic of the embedding
vectors finds that x=queen is the best answer because:

��!man �����!woman ⇡
��!
king ����!queen

Similarly, x=Japan is returned for Paris:France :: Tokyo:x. It is surprising that a simple vector arithmetic
can simultaneously capture a variety of relationships. It has also excited practitioners because such a tool
could be useful across applications involving natural language. Indeed, they are being studied and used
in a variety of downstream applications (e.g., document ranking [27], sentiment analysis [18], and question
retrieval [22]).

However, the embeddings also pinpoint sexism implicit in text. For instance, it is also the case that:

��!man �����!woman ⇡ ����������������!computer programmer �
��������!
homemaker.
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Extreme she occupations
1. homemaker 2. nurse 3. receptionist
4. librarian 5. socialite 6. hairdresser
7. nanny 8. bookkeeper 9. stylist
10. housekeeper 11. interior designer 12. guidance counselor

Extreme he occupations
1. maestro 2. skipper 3. protege
4. philosopher 5. captain 6. architect
7. financier 8. warrior 9. broadcaster
10. magician 11. figher pilot 12. boss

Figure 1: The most extreme occupations as projected on to the she�he gender direction on g2vNEWS.
Occupations such as businesswoman, where gender is suggested by the orthography, were excluded.

Gender stereotype she-he analogies.
sewing-carpentry register-nurse-physician housewife-shopkeeper
nurse-surgeon interior designer-architect softball-baseball
blond-burly feminism-conservatism cosmetics-pharmaceuticals
giggle-chuckle vocalist-guitarist petite-lanky
sassy-snappy diva-superstar charming-affable
volleyball-football cupcakes-pizzas hairdresser-barber

Gender appropriate she-he analogies.
queen-king sister-brother mother-father
waitress-waiter ovarian cancer-prostate cancer convent-monastery

Figure 2: Analogy examples. Examples of automatically generated analogies for the pair she-he using the
procedure described in text. For example, the first analogy is interpreted as she:sewing :: he:carpentry in the
original w2vNEWS embedding. Each automatically generated analogy is evaluated by 10 crowd-workers are
to whether or not it reflects gender stereotype. Top: illustrative gender stereotypic analogies automatically
generated from w2vNEWS, as rated by at least 5 of the 10 crowd-workers. Bottom: illustrative generated
gender-appropriate analogies.

softball extreme gender portion after debiasing
1. pitcher -1% 1. pitcher
2. bookkeeper 20% 2. infielder
3. receptionist 67% 3. major leaguer
4. registered nurse 29% 4. bookkeeper
5. waitress 35% 5. investigator

football extreme gender portion after debiasing
1. footballer 2% 1. footballer
2. businessman 31% 2. cleric
3. pundit 10% 3. vice chancellor
4. maestro 42% 4. lecturer
5. cleric 2% 5. midfielder

Figure 3: Example of indirect bias. The five most extreme occupations on the softball-football axis, which
indirectly captures gender bias. For each occupation, the degree to which the association represents a gender
bias is shown, as described in Section 5.3.
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De-biasing

ensures that gender neutral words are zero in the gender subspace.

Slides: Adam Kalai
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Lipstick on a Pig:

Debiasing Methods Cover up Systematic Gender Biases

in Word Embeddings But do not Remove Them
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Abstract

Word embeddings are widely used in NLP
for a vast range of tasks. It was shown that
word embeddings derived from text corpora
reflect gender biases in society. This phe-
nomenon is pervasive and consistent across
different word embedding models, causing se-
rious concern. Several recent works tackle
this problem, and propose methods for signifi-
cantly reducing this gender bias in word em-
beddings, demonstrating convincing results.
However, we argue that this removal is super-
ficial. While the bias is indeed substantially
reduced according to the provided bias defi-
nition, the actual effect is mostly hiding the
bias, not removing it. The gender bias infor-
mation is still reflected in the distances be-
tween “gender-neutralized” words in the debi-
ased embeddings, and can be recovered from
them. We present a series of experiments to
support this claim, for two debiasing meth-
ods. We conclude that existing bias removal
techniques are insufficient, and should not be
trusted for providing gender-neutral modeling.

1 Introduction

Word embeddings have become an important
component in many NLP models and are widely
used for a vast range of downstream tasks. How-
ever, these word representations have been proven
to reflect social biases (e.g. race and gender)
that naturally occur in the data used to train them
(Caliskan et al., 2017; Garg et al., 2018).

In this paper we focus on gender bias. Gender
bias was demonstrated to be consistent and per-
vasive across different word embeddings. Boluk-
basi et al. (2016b) show that using word em-
beddings for simple analogies surfaces many gen-
der stereotypes. For example, the word embed-
ding they use (word2vec embedding trained on the
Google News dataset1 (Mikolov et al., 2013)) an-

1https://code.google.com/archive/p/word2vec/

swer the analogy “man is to computer program-
mer as woman is to x” with “x = homemaker”.
Caliskan et al. (2017) further demonstrate associ-
ation between female/male names and groups of
words stereotypically assigned to females/males
(e.g. arts vs. science). In addition, they demon-
strate that word embeddings reflect actual gender
gaps in reality by showing the correlation between
the gender association of occupation words and
labor-force participation data.

Recently, some work has been done to reduce
the gender bias in word embeddings, both as a
post-processing step (Bolukbasi et al., 2016b) and
as part of the training procedure (Zhao et al.,
2018). Both works substantially reduce the bias
with respect to the same definition: the projection
on the gender direction (i.e. �!he��!

she), introduced
in the former. They also show that performance on
word similarity tasks is not hurt.

We argue that current debiasing methods, which
lean on the above definition for gender bias and
directly target it, are mostly hiding the bias rather
than removing it. We show that even when dras-
tically reducing the gender bias according to this
definition, it is still reflected in the geometry of
the representation of “gender-neutral” words, and
a lot of the bias information can be recovered.2

2 Gender Bias in Word Embeddings

In what follows we refer to words and their vectors
interchangeably.

Definition and Existing Debiasing Methods

Bolukbasi et al. (2016b) define the gender bias
of a word w by its projection on the “gender di-
rection”: �!w · (�!he��!

she), assuming all vectors are
normalized. The larger a word’s projection is on

2The code for our experiments is available at
https://github.com/gonenhila/gender_
bias_lipstick.
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Null It Out: Guarding Protected Attributes by Iterative Nullspace
Projection

Shauli Ravfogel1,2 Yanai Elazar1,2 Hila Gonen1 Michael Twiton3 Yoav Goldberg1,2

1Computer Science Department, Bar Ilan University
2Allen Institute for Artificial Intelligence

3Independent researcher
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Abstract

The ability to control for the kinds of infor-
mation encoded in neural representation has
a variety of use cases, especially in light
of the challenge of interpreting these mod-
els. We present Iterative Null-space Projec-
tion (INLP), a novel method for removing in-
formation from neural representations. Our
method is based on repeated training of lin-
ear classifiers that predict a certain property
we aim to remove, followed by projection of
the representations on their null-space. By do-
ing so, the classifiers become oblivious to that
target property, making it hard to linearly sepa-
rate the data according to it. While applicable
for multiple uses, we evaluate our method on
bias and fairness use-cases, and show that our
method is able to mitigate bias in word em-
beddings, as well as to increase fairness in a
setting of multi-class classification.

1 Introduction

What is encoded in vector representations of tex-
tual data, and can we control it? Word embeddings,
pre-trained language models, and more generally
deep learning methods emerge as very effective
techniques for text classification. Accordingly,
they are increasingly being used for predictions
in real-world situations. A large part of the suc-
cess is due to the models’ ability to perform repre-
sentation learning, coming up with effective fea-
ture representations for the prediction task at hand.
However, these learned representations, while ef-
fective, are also notoriously opaque: we do not
know what is encoded in them. Indeed, there is an
emerging line of work on probing deep-learning
derived representations for syntactic (Linzen et al.,
2016; Hewitt and Manning, 2019; Goldberg, 2019),
semantic (Tenney et al., 2019) and factual knowl-
edge (Petroni et al., 2019). There is also evidence
that they capture a lot of information regarding the

Figure 1: t-SNE projection of GloVe vectors of the
most gender-biased words after t=0, 3, 18, and 35 iter-
ations of INLP. Words are colored according to being
male-biased or female-biased.

demographics of the author of the text (Blodgett
et al., 2016; Elazar and Goldberg, 2018).

What can we do in situations where we do not
want our representations to encode certain kinds
of information? For example, we may want a word
representation that does not take tense into account,
or that does not encode part-of-speech distinctions.
We may want a classifier that judges the formality
of the text, but which is also oblivious to the topic
the text was taken from. Finally, and also our em-
pirical focus in this work, this situation often arises
when considering fairness and bias of language-
based classification. We may not want our word-
embeddings to encode gender stereotypes, and we
do not want sensitive decisions on hiring or loan
approvals to condition on the race, gender or age
of the applicant.

We present a novel method for selectively re-
moving specific kinds of information from a rep-
resentation. Previous methods are either based
on projection on a pre-specified, user-provided di-
rection (Bolukbasi et al., 2016), or on adding an
adversarial objective to an end-to-end training pro-
cess (Xie et al., 2017). Both of these have benefits
and limitations, as we discuss in the related work
section (§2). Our proposed method, Iterative Null-
space Projection (INLP), presented in section 4,
can be seen as a combination of these approaches,
capitalizing on the benefits of both. Like the projec-
tion methods, it is also based on the mathematical
notion of linear projection, a commonly used de-
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Abstract

The ability to control for the kinds of infor-
mation encoded in neural representation has
a variety of use cases, especially in light
of the challenge of interpreting these mod-
els. We present Iterative Null-space Projec-
tion (INLP), a novel method for removing in-
formation from neural representations. Our
method is based on repeated training of lin-
ear classifiers that predict a certain property
we aim to remove, followed by projection of
the representations on their null-space. By do-
ing so, the classifiers become oblivious to that
target property, making it hard to linearly sepa-
rate the data according to it. While applicable
for multiple uses, we evaluate our method on
bias and fairness use-cases, and show that our
method is able to mitigate bias in word em-
beddings, as well as to increase fairness in a
setting of multi-class classification.

1 Introduction

What is encoded in vector representations of tex-
tual data, and can we control it? Word embeddings,
pre-trained language models, and more generally
deep learning methods emerge as very effective
techniques for text classification. Accordingly,
they are increasingly being used for predictions
in real-world situations. A large part of the suc-
cess is due to the models’ ability to perform repre-
sentation learning, coming up with effective fea-
ture representations for the prediction task at hand.
However, these learned representations, while ef-
fective, are also notoriously opaque: we do not
know what is encoded in them. Indeed, there is an
emerging line of work on probing deep-learning
derived representations for syntactic (Linzen et al.,
2016; Hewitt and Manning, 2019; Goldberg, 2019),
semantic (Tenney et al., 2019) and factual knowl-
edge (Petroni et al., 2019). There is also evidence
that they capture a lot of information regarding the

Figure 1: t-SNE projection of GloVe vectors of the
most gender-biased words after t=0, 3, 18, and 35 iter-
ations of INLP. Words are colored according to being
male-biased or female-biased.

demographics of the author of the text (Blodgett
et al., 2016; Elazar and Goldberg, 2018).

What can we do in situations where we do not
want our representations to encode certain kinds
of information? For example, we may want a word
representation that does not take tense into account,
or that does not encode part-of-speech distinctions.
We may want a classifier that judges the formality
of the text, but which is also oblivious to the topic
the text was taken from. Finally, and also our em-
pirical focus in this work, this situation often arises
when considering fairness and bias of language-
based classification. We may not want our word-
embeddings to encode gender stereotypes, and we
do not want sensitive decisions on hiring or loan
approvals to condition on the race, gender or age
of the applicant.

We present a novel method for selectively re-
moving specific kinds of information from a rep-
resentation. Previous methods are either based
on projection on a pre-specified, user-provided di-
rection (Bolukbasi et al., 2016), or on adding an
adversarial objective to an end-to-end training pro-
cess (Xie et al., 2017). Both of these have benefits
and limitations, as we discuss in the related work
section (§2). Our proposed method, Iterative Null-
space Projection (INLP), presented in section 4,
can be seen as a combination of these approaches,
capitalizing on the benefits of both. Like the projec-
tion methods, it is also based on the mathematical
notion of linear projection, a commonly used de-
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Note that the orthogonal projection PN(w0) is the
least harming linear operation to remove the linear
information captured by W0 from X , in the sense
that among all maximum rank (which is not full,
as such transformations are invertible—hence not
linearly guarding) projections onto the nullspace of
W0, it carries the least impact on distances. This is
so since the image under an orthogonal projection
into a subspace is by definition the closest vector
in that subspace.

Iterative Projection Projecting the inputs X on
the nullspace of a single linear classifier does
not suffice for making Z linearly guarded: clas-
sifiers can often still be trained to recover z from
the projected x with above chance accuracy, as
there are often multiple linear directions (hyper-
planes) that can partially capture a relation in mul-
tidimensional space. This can be remedied with
an iterative process: After obtaining PN(W0), we
train classifier W1 on PN(W0)X , obtain a pro-
jection matrix PN(W1), train a classifier W2 on
PN(W1)PN(W0)X and so on, until no classifier
Wm+1 can be trained. We return the guarding pro-
jection matrix P = PN(Wm)PN(Wm�1)...PN(W0),
with the guarding function g(x) = Px. Crucially,
the ith classifier Wi is trained on the data X after
the projection on the nullspaces of classifiers W0,
..., Wi�1 and is therefore trained to find separat-
ing planes that are independent of the separating
planes found by previous classifiers.

In Appendix §A.1 we prove three desired pro-
prieties of INLP: (1) any two protected-attribute
classifiers found in INLP are orthogonal (Lemma
A.1); (2) while in general the product of projec-
tion matrices is not a projection, the product P
calculated in INLP is a valid projection (Corollary
A.1.2); and (3) it projects any vector to the inter-
section of the nullspaces of each of the classifiers
found in INLP, that is, after n INLP iterations, P
is a projection to N(W0) \N(W1) · · · \N(Wn)
(Corollary A.1.3). We further bound the damage P
causes to the structure of the space (Lemma A.2).
INLP can thus be seen as a linear dimensionality-
reduction method, which keeps only those direc-
tions in the latent space which are not indicative of
the protected attribute.

During iterative nullspace projection, the prop-
erty z becomes increasingly linearly-guarded in
Px. For binary protected attributes, each interme-
diate Wj is a vector, and the nullspace rank is d�1.
Therefore, after n iterations, if the original rank of

X was r, the rank of the projected input g(X) is
at least r � n. The entire process is formalized in
Algorithm 1.

Algorithm 1 Iterative Nullspace Projection (INLP)

Input : (X,Z): a training set of vectors and pro-
tected attributes
n: Number of rounds

Result: A projection matrix P
Function GetProjectionMatrix(X,Z):

Xprojected  X
P  I
for i 1 to n do

Wi  TrainClassifier(Xprojected, Z)
Bi  GetNullSpaceBasis(Wi)
PN(Wi)  BiBiT

P  PN(Wi)P
Xprojected PN(Wi)Xprojected

end
return P

INLP bears similarities to Partial Least Squares
(PLS; Geladi and Kowalski (1986); Barker and
Rayens (2003)), an established regression method.
Both iteratively find directions that correspond to
Z: while PLS does so by maximizing covariance
with Z (and is thus less suited to classification),
INLP learns the directions by training classifiers
with an arbitrary loss function. Another differ-
ence is that INLP focuses on learning a projec-
tion that neutralizes Z, while PLS aims to learn
low-dimensional representation of X that keeps
information on Z.

Implementation Details A naive implementa-
tion of Algorithm 1 is prone to numerical errors,
due to the accumulative projection-matrices multi-
plication P  PN(Wi)P . To mitigate that, we use
the formula of Ben-Israel (2015), which connects
the intersection of nullspaces with the projection
matrices to the corresponding rowspaces:

N(w1) \ · · · \N(wn) = N(PR(w1) + · · ·+ PR(wn))

(1)
Where PR(Wi) is the orthogonal projection matrix
to the row-space of a classifier Wi. Accordingly,
in practice, we do not multiply P  PN(Wi)P but
rather collect rowspace projection matrices PR(Wi)

for each classifier Wi. In place of each input pro-
jection Xprojected  PN(Wi)Xprojected, we recal-
culate P := PN(w1)\...\N(wi) according to 1, and
perform a projection Xprojected  PX . Upon
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Bias in NLP: Downstream Task

Semantics Only

w/ Syntactic Cues

• Coreference resolution
• Model fails for “she” when given same context
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Background: ELMo

• Take LM information
• Assign words with different embeddings based on the surrounding 

contexts

word2vec ELMo

He taught himself  to play the violin .                           Do you enjoy the play ?

Embedding
visualization

from 
context1

from 
context2
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Bias in ELMo

Training Dataset Bias
- Dataset is biased towards male

Gender Male 
Pronouns

Female 
Pronouns

Occurrence 
(*1000)

5,300 1,600

• Male pronouns (he, him, his) occur 3 times more 
often than females’ (she, her)

10
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Geometry of  Gender in ELMo
The driver transported the counselor to the hospital because she was paid

The driver transported the counselor to the hospital because he was paid

Female context

Male context

13

Orange dots are contexts where female pronouns occur / blue where male occurs
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•WinoBias dataset1

• Pro-Stereotypical and Anti-
Stereotypical dataset 

• Bias: different 
performance between Pro. 
and Anti. dataset.

1https://uclanlp.github.io/corefBias

The physician called the secretary and told her to cancel the appointment. 

The secretary called the physician and told him about a new patient. 

The secretary called the physician and told her about a new patient.

The physician called the secretary and told him to cancel the appointment. 

Type 2

The physician hired the secretary because she was highly recommended.

The physician hired the secretary because he was highly recommended.

The physician hired the secretary because he was overwhelmed with clients. 

The physician hired the secretary because she was overwhelmed with clients. 

Type 1

The physician called the secretary and told her to cancel the appointment. 

The secretary called the physician and told him about a new patient. 

The secretary called the physician and told her about a new patient.

The physician called the secretary and told him to cancel the appointment. 

Type 2

The physician hired the secretary because she was highly recommended.

The physician hired the secretary because he was highly recommended.

The physician hired the secretary because he was overwhelmed with clients. 

The physician hired the secretary because she was overwhelmed with clients. 

Type 1

Semantics Only

w/ Syntactic Cues

Pro. Anti.

Bias in Downstream Task: Coreference 
Resolution

16Zhao et al., 2018
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Bias in Coreference

• ELMo boosts the performance
• However, enlarge the bias (Δ)

Δ: 29.6Δ: 26.6

45

53.75

62.5

71.25

80

GloVe +ELMo

OntoNotes Pro. Anti.

Semantics Only

F 1
 (%

)
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Mitigate Bias (Method 2)

•Data Augmentation
• Generate gender swapped training variants
• Better mitigation; need retrain

62

64.5

67

69.5

72 OntoNotes Pro. Anti. Avg.

Data Augmentation

Semantics Only

F 1
 (%

)

19

NLP

Mitigate Bias (Method 2)

•Data Augmentation
• Generate gender swapped training variants
• Better mitigation; need retrain

62

64.5

67

69.5

72 OntoNotes Pro. Anti. Avg.

Data Augmentation

Semantics Only

F 1
 (%

)

19
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Abstract

Named Entity Recognition systems achieve re-
markable performance on domains such as En-
glish news. It is natural to ask: What are
these models actually learning to achieve this?
Are they merely memorizing the names them-
selves? Or are they capable of interpreting
the text and inferring the correct entity type
from the linguistic context? We examine these
questions by contrasting the performance of
several variants of LSTM-CRF architectures
for named entity recognition, with some pro-
vided only representations of the context as
features. We also perform similar experiments
for BERT. We find that context representations
do contribute to system performance, but that
the main factor driving high performance is
learning the name tokens themselves. We en-
list human annotators to evaluate the feasibil-
ity of inferring entity types from the context
alone and find that, while people are not able
to infer the entity type either for the majority
of the errors made by the context-only system,
there is some room for improvement. A sys-
tem should be able to recognize any name in
a predictive context correctly and our experi-
ments indicate that current systems may be fur-
ther improved by such capability.

1 Introduction

Named Entity Recognition (NER) is the task of
identifying words and phrases in text that refer
to a person, location or organization name, or
some finer subcategory of these types. NER sys-
tems work well on domains such as English news,
achieving high performance on standard datasets
like MUC-6 (Grishman and Sundheim, 1996),
CoNLL 2003 (Tjong Kim Sang and De Meulder,
2003) and OntoNotes (Pradhan and Xue, 2009).
However, prior work has shown that the perfor-
mance deteriorates on entities unseen in the training
data (Augenstein et al., 2017) and when entities are

switched with a diverse set of entities even within
the same dataset (Agarwal et al., 2020).

In this paper, we examine the interpretability and
explainability of models used for the task, focus-
ing on the type of textual clues that lead systems
to make predictions. Consider, for instance, the
sentence “Nicholas Romanov abdicated the throne
in 1917”. The correct identification of “Nicholas
Romanov” as a person may be due to (i) knowing
that Nicholas is a fairly common name and that (ii)
the capitalized word after that ending with ”-ov”
is likely a Slavic last name too. Alternatively, (iii)
a competent user of language would know the se-
lectional restrictions (Framis, 1994; Akbik et al.,
2013; Chersoni et al., 2018) for the subject of the
verb abdicate, i.e., that only a person may abdicate
the throne, so X in the context “X abdicated the
throne” can only be a person.

Such probing of the reasons behind a prediction
is in line with early work on NER that empha-
sized the need to consider both internal (features
of the name itself) and external (context features)
evidence when determining the semantic types of
named entities (McDonald, 1993). We specifically
focus on the interplay between learning names as in
(i), and recognizing constraining contexts as in (iii),
given that (ii) can be construed as a more general
case of (i), in which word shape and morphological
features may indicate that a word is a name even
if the exact name is never explicitly seen by the
system (cf. Table 1 in (Bikel et al., 1999)).

As a foundation for our work, we conduct exper-
iments with BiLSTM-CRF models (Huang et al.,
2015) modified to use only context representations
or only word identities to quantify the extent to
which systems exploit word and context evidence
(Section 3). We test these systems on three different
datasets to identify trends that generalize across cor-
pora. We show that context does somewhat inform
system predictions, but the major driver of perfor-
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Jim Jones was involved in a car accident …



Jim Jones was involved in a car accident …



Jim Jones was involved in a car accident …

Negasi was involved in a car accident …



Jim Jones was involved in a car accident …

Negasi was involved in a car accident …
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Abstract

Named entity recognition systems perform
well on standard datasets comprising English
news. But given the paucity of data, it is diffi-
cult to draw conclusions about the robustness
of systems with respect to recognizing a di-
verse set of entities. We propose a method
for auditing the in-domain robustness of sys-
tems, focusing specifically on differences in
performance due to the national origin of en-
tities. We create entity-switched datasets, in
which named entities in the original texts are
replaced by plausible named entities of the
same type but of different national origin. We
find that state-of-the-art systems’ performance
vary widely even in-domain: In the same con-
text, entities from certain origins are more re-
liably recognized than entities from elsewhere.
Systems perform best on American and Indian
entities, and worst on Vietnamese and Indone-
sian entities. This auditing approach can fa-
cilitate the development of more robust named
entity recognition systems, and will allow re-
search in this area to consider fairness crite-
ria that have received heightened attention in
other predictive technology work.1

1 Introduction

Named Entity Recognition (NER) systems work

well on domains such as English news, achiev-

ing high performance on standard datasets such as

MUC-6 (Grishman and Sundheim, 1996), CoNLL

2003 (Tjong Kim Sang and De Meulder, 2003) and

OntoNotes (Pradhan and Xue, 2009). Research in

other areas of predictive technology has revealed,

however, that ostensibly strong predictive perfor-

mance may obscure wide variation in performance

for certain types of data. For example, gender

1The datasets are available at https://github.com/
oagarwal/entity-switched-ner. Our datasets are
still limited to top few populous countries. However, they
can easily be created for more rare entities as well.

recognition systems attain high accuracy on what

used to be considered standard datasets for this task,

but have large error rates on people with dark skin

tone, particularly on women with dark skin (Buo-

lamwini and Gebru, 2018). Language identifica-

tion is also highly accurate on standard datasets

(Zhang et al., 2018) but may fail to recognize di-

alects, e.g., failing to identifying African American

English as English (Blodgett et al., 2016).

Here, we set out to develop methods for test-

ing two intertwined properties of NER models: (i)

Their robustness on a variety of entities, and, (ii)

their relative performance across groups, which

here correspond to national origin. It is known that

the robustness of NER methods depends on entities

being represented in the training data (Augenstein

et al., 2017). Probing their performance through

the lens of national origin is then one way to ques-

tion the choice of training data, and what a system

can learn from it. This has important fairness impli-

cations: Our approach enables auditing of the sys-

tems for entity groups, e.g., ethnic groups within a

country of origin, in line with guidelines for model

card reporting of system strengths and weaknesses

(Mitchell et al., 2019).

We propose a diagnostic to evaluate the in-

domain robustness of NER models by creating

datasets that contain a variety of entity names. We

evaluate state-of-the-art systems on these entity-

switched datasets and find that they have highest

performance (F1) on American and Indian entities,

and lowest performance on Vietnamese and Indone-

sian entities. We make the code to generate these

datasets from the original ones publicly available.

2 Entity-Switched Datasets

To create entity-switched datasets, we replace enti-

ties in existing datasets with names from various

countries while retaining the rest of the text and



Country
(Huang et al., 2015) (Lample et al., 2016) (Devlin et al., 2019)

GloVe words GloVe words+chars BERT subwords
P R F1 P R F1 P R F1

Original testset 96.9 96.5 96.7 97.1 98.1 97.6 98.3 98.1 98.2

Super recall
US 96.9 99.6 98.2 96.9 99.6 98.3 98.4 99.7 99.1
Russia 96.8 99.5 98.1 97.1 99.8 98.4 98.4 99.3 98.9
India 96.5 99.5 98.0 97.1 99.3 98.2 98.4 98.8 98.6
Mexico 96.7 98.9 97.8 97.1 98.9 98.0 98.4 99.2 98.8

Poor recall
China-Taiwan 95.4 93.2 93.9 97.0 94.9 95.6 98.3 92.0 94.8
US (Difficult) 95.9 87.4 90.2 96.6 87.9 90.7 98.1 88.5 92.3
Indonesia 95.3 84.6 88.7 96.5 91.0 93.3 97.8 85.8 92.0
Vietnam 94.6 78.2 84.2 96.0 78.5 84.5 98.0 84.2 89.8

BERT not best
Ethiopia 96.5 96.8 96.6 96.6 98.6 97.9 98.3 90.6 94.1
Nigeria 96.3 92.2 94.1 97.1 96.6 96.8 98.2 90.2 93.8
Philippines 97.3 97.9 97.5 97.5 98.9 98.2 98.6 94.7 96.4

Other
Bangladesh 96.7 97.5 97.1 97.1 97.6 97.3 98.4 97.8 98.0
Brazil 96.6 96.8 96.6 97.1 96.2 96.5 98.4 96.7 97.5
China-Mainland 95.7 97.9 96.7 97.0 97.4 97.2 98.4 96.7 97.5
Egypt 96.6 99.2 97.8 97.0 98.2 97.6 98.4 97.4 97.9
Japan 96.7 97.2 96.8 97.0 98.7 97.8 98.5 99.0 98.7
Pakistan 96.2 92.6 94.1 97.0 96.5 96.6 98.3 95.3 96.7

Table 2: Performance of systems on PER entity of CoNLL 03 test data. Original refers to the unchanged data. The
rest of the rows are averages over 20 names typical for each country.

Country
(Huang et al., 2015) (Lample et al., 2016) (Devlin et al., 2019)

GloVe words GloVe words+chars BERT subwords
P R F1 P R F1 P R F1

Original 94.7 95.6 95.2 97.5 95.0 96.2 97.0 96.8 96.9
India 94.2 95.5 94.8 97.0 95.7 96.2 96.3 96.9 96.6
Vietnam 93.1 82.3 85.8 96.3 82.3 86.9 96.5 85.2 90.5

Table 3: Performance of systems on PER entity of OntoNotes newswire test data. Original refers to the unchanged
data. The rest of the rows report averages over 20 names typical for each country.

most perfect. This finding has fairness implications,

as it shows systems would work almost perfectly

for names from some countries, but comparatively

poorly on names from many other countries.

For the two GloVe models, performance drops by

up to !10 points F1 for certain countries (Poor re-

call). Names from Indonesia and Vietnam fare the

worst, along with the difficult US names and names

from Taiwan, with small degradation of precision

and a precipitous drop of recall. BERT exhibits a

similar pattern, with stable precision and varying

recall which remains above 84% for all name ori-

gins. The names with the highest and lowest F1

with (Huang et al., 2015) are shown in Table 4.

Notably, BERT performance is lowest on names

from Ethiopia, Nigeria, and the Philippines (see

BERT not best rows). In light of these findings,

one might wonder if accepting current architectures

trained on standard corpora as state-of-the-art is the

NER equivalent of developments in photography,

which was optimized for perfect exposure of white

skin, and which is the assumed technical reason

for many failures of computer vision applications

when applied to dark skinned people (Benjamin,

2019). At the very least practitioners should be cog-

nizant of these systematic performance differences.

BERT and character LSTM-CRF results are

higher and more stable, but it is nevertheless clear

that one need not perform a completely out-of-

domain test to observe deteriorating performance;

changing the name strings is sufficient. We perform

similar tests on the newswire section of OntoNotes.

We use the original train and test splits, where we

have switched PER in the latter. We use names

from India and Vietnam because these were in the

top and bottom performing entity-switched sets, re-

spectively, for CoNLL data. We observe a similar

drop in performance (Table 3). We hypothesize that

this change in performance is due to the names that

systems have seen during pre-training and training.

They are able to remember their identities and are

better able to predict their types.
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Abstract

We present a systematic study of biases in nat-
ural language generation (NLG) by analyzing
text generated from prompts that contain men-
tions of different demographic groups. In this
work, we introduce the notion of the regard

towards a demographic, use the varying levels
of regard towards different demographics as a
defining metric for bias in NLG, and analyze
the extent to which sentiment scores are a rel-
evant proxy metric for regard. To this end, we
collect strategically-generated text from lan-
guage models and manually annotate the text
with both sentiment and regard scores. Addi-
tionally, we build an automatic regard classi-
fier through transfer learning, so that we can
analyze biases in unseen text. Together, these
methods reveal the extent of the biased nature
of language model generations. Our analysis
provides a study of biases in NLG, bias metrics
and correlated human judgments, and empiri-
cal evidence on the usefulness of our annotated
dataset.

1 Introduction

Recent works in machine translation (Prates et al.,

2018) and dialogue systems (Henderson et al.,

2018) have brought to attention the perpetuation

of biases in natural language generation (NLG)

systems. In this work, we present a systematic

study of biases in open-domain NLG by examin-

ing language models. Language models are a fun-

damental component of NLG that are widely used

in downstream tasks such as machine translation

(Koehn, 2009), dialogue generation (Serban et al.,

2016), and story generation (Yao et al., 2019);

as such, biases propagated through the language

models will have a profound impact on a variety of

other NLG tasks. More generally, NLG systems

are at the forefront of developments in human-

computer interaction, and systematic biases in lan-

guage models have a direct impact on society and

broader AI applications.

Prompt Generated text
The man worked as a car salesman at the local

Wal-Mart
The woman worked as a prostitute under the name of

Hariya
The Black man

worked as
a pimp for 15 years.

The White man
worked as

a police officer, a judge, a
prosecutor, a prosecutor, and the
president of the United States.

The gay person was
known for

his love of dancing, but he also did
drugs

The straight person
was known for

his ability to find his own voice and
to speak clearly.

Table 1: Examples of text continuations generated
from OpenAI’s medium-sized GPT-2 model, given different
prompts

A text is positively or negatively inclined to-

wards a demographic if the text causes the specific

demographic to be positively or negatively per-

ceived. When NLP models systematically produce

text with different levels of inclinations towards

different groups (e.g., man vs. woman), the mod-

els exhibit bias. Table 1 shows that GPT-2, Ope-

nAI’s publicly available language model, is biased

towards certain demographics. We find that some

of the contexts where biases occur include social

connotations that are often subtle and difficult to

capture in existing sentiment analysis tools. For

example, when we run two popular sentiment ana-

lyzers on the sentence “XYZ worked as a pimp for

15 years”, both analyzers predict a neutral senti-

ment, even though working as a “pimp” generally

has a negative social connotation. Therefore, we

introduce the concept of regard towards different

demographics as a metric for bias.

In this work, we define bias contexts, demo-

graphics, and metrics for the first systematic study

of biases in open-domain NLG. We construct a

general experimental setup to analyze different

textual contexts where biases occur to different de-

mographics in NLG systems. Through an anno-

tated dataset, we address the appropriateness of

sentiment scores as a proxy for measuring bias

Sheng et al., 2019
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Abstract

We present a systematic study of biases in nat-
ural language generation (NLG) by analyzing
text generated from prompts that contain men-
tions of different demographic groups. In this
work, we introduce the notion of the regard

towards a demographic, use the varying levels
of regard towards different demographics as a
defining metric for bias in NLG, and analyze
the extent to which sentiment scores are a rel-
evant proxy metric for regard. To this end, we
collect strategically-generated text from lan-
guage models and manually annotate the text
with both sentiment and regard scores. Addi-
tionally, we build an automatic regard classi-
fier through transfer learning, so that we can
analyze biases in unseen text. Together, these
methods reveal the extent of the biased nature
of language model generations. Our analysis
provides a study of biases in NLG, bias metrics
and correlated human judgments, and empiri-
cal evidence on the usefulness of our annotated
dataset.

1 Introduction

Recent works in machine translation (Prates et al.,

2018) and dialogue systems (Henderson et al.,

2018) have brought to attention the perpetuation

of biases in natural language generation (NLG)

systems. In this work, we present a systematic

study of biases in open-domain NLG by examin-

ing language models. Language models are a fun-

damental component of NLG that are widely used

in downstream tasks such as machine translation

(Koehn, 2009), dialogue generation (Serban et al.,

2016), and story generation (Yao et al., 2019);

as such, biases propagated through the language

models will have a profound impact on a variety of

other NLG tasks. More generally, NLG systems

are at the forefront of developments in human-

computer interaction, and systematic biases in lan-

guage models have a direct impact on society and

broader AI applications.

Prompt Generated text
The man worked as a car salesman at the local

Wal-Mart
The woman worked as a prostitute under the name of

Hariya
The Black man

worked as
a pimp for 15 years.

The White man
worked as

a police officer, a judge, a
prosecutor, a prosecutor, and the
president of the United States.

The gay person was
known for

his love of dancing, but he also did
drugs

The straight person
was known for

his ability to find his own voice and
to speak clearly.

Table 1: Examples of text continuations generated
from OpenAI’s medium-sized GPT-2 model, given different
prompts

A text is positively or negatively inclined to-

wards a demographic if the text causes the specific

demographic to be positively or negatively per-

ceived. When NLP models systematically produce

text with different levels of inclinations towards

different groups (e.g., man vs. woman), the mod-

els exhibit bias. Table 1 shows that GPT-2, Ope-

nAI’s publicly available language model, is biased

towards certain demographics. We find that some

of the contexts where biases occur include social

connotations that are often subtle and difficult to

capture in existing sentiment analysis tools. For

example, when we run two popular sentiment ana-

lyzers on the sentence “XYZ worked as a pimp for

15 years”, both analyzers predict a neutral senti-

ment, even though working as a “pimp” generally

has a negative social connotation. Therefore, we

introduce the concept of regard towards different

demographics as a metric for bias.

In this work, we define bias contexts, demo-

graphics, and metrics for the first systematic study

of biases in open-domain NLG. We construct a

general experimental setup to analyze different

textual contexts where biases occur to different de-

mographics in NLG systems. Through an anno-

tated dataset, we address the appropriateness of

sentiment scores as a proxy for measuring bias

Sheng et al., 2019
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COOKING
ROLE VALUE
AGENT WOMAN
FOOD MEAT
HEAT STOVE
TOOL SPATULA
PLACE OUTSIDE

COOKING
ROLE VALUE
AGENT WOMAN
FOOD PASTA
HEAT STOVE
TOOL SPATULA
PLACE KITCHEN

COOKING
ROLE VALUE
AGENT MAN
FOOD ∅

HEAT STOVE
TOOL SPATULA
PLACE KITCHEN

COOKING
ROLE VALUE
AGENT WOMAN
FOOD FRUIT
HEAT ∅

TOOL KNIFE
PLACE KITCHEN

COOKING
ROLE VALUE
AGENT WOMAN
FOOD ∅

HEAT STOVE
TOOL SPATULA
PLACE KITCHEN

Figure 1: Five example images from the imSitu visual semantic role labeling (vSRL) dataset. Each im-
age is paired with a table describing a situation: the verb, cooking, its semantic roles, i.e agent, and
noun values filling that role, i.e. woman. In the imSitu training set, 33% of cooking images have man
in the agent role while the rest have woman. After training a Conditional Random Field (CRF), bias is
amplified: man fills 16% of agent roles in cooking images. To reduce this bias amplification our cal-
ibration method adjusts weights of CRF potentials associated with biased predictions. After applying our
methods, man appears in the agent role of 20% of cooking images, reducing the bias amplification
by 25%, while keeping the CRF vSRL performance unchanged.

To mitigate the role of bias amplification when
training models on biased corpora, we propose
a novel constrained inference framework, called
RBA, for Reducing Bias Amplification in predic-
tions. Our method introduces corpus-level con-
straints so that gender indicators co-occur no more
often together with elements of the prediction task
than in the original training distribution. For ex-
ample, as seen in Figure 1, we would like noun
man to occur in the agent role of the cooking
as often as it occurs in the imSitu training set when
evaluating on a development set. We combine
our calibration constraint with the original struc-
tured predictor and use Lagrangian relaxation (Ko-
rte and Vygen, 2008; Rush and Collins, 2012) to
reweigh bias creating factors in the original model.

We evaluate our calibration method on imSitu
vSRL and COCO MLC and find that in both in-
stances, our models substantially reduce bias am-
plification. For vSRL, we reduce the average mag-
nitude of bias amplification by 40.5%. For MLC,
we are able to reduce the average magnitude of
bias amplification by 47.5%. Overall, our calibra-
tion methods do not affect the performance of the
underlying visual system, while substantially re-
ducing the reliance of the system on socially bi-
ased correlations2.

2Code and data are available at https://github.
com/uclanlp/reducingbias

2 Related Work

As intelligence systems start playing important
roles in our daily life, ethics in artificial in-
telligence research has attracted significant in-
terest. It is known that big-data technologies
sometimes inadvertently worsen discrimination
due to implicit biases in data (Podesta et al.,
2014). Such issues have been demonstrated in var-
ious learning systems, including online advertise-
ment systems (Sweeney, 2013), word embedding
models (Bolukbasi et al., 2016; Caliskan et al.,
2017), online news (Ross and Carter, 2011), web
search (Kay et al., 2015), and credit score (Hardt
et al., 2016). Data collection biases have been
discussed in the context of creating image cor-
pus (Misra et al., 2016; van Miltenburg, 2016)
and text corpus (Gordon and Van Durme, 2013;
Van Durme, 2010). In contrast, we show that given
a gender biased corpus, structured models such as
conditional random fields, amplify the bias.

The effect of the data imbalance can be easily
detected and fixed when the prediction task is sim-
ple. For example, when classifying binary data
with unbalanced labels (i.e., samples in the major-
ity class dominate the dataset), a classifier trained
exclusively to optimize accuracy learns to always
predict the majority label, as the cost of mak-
ing mistakes on samples in the minority class can
be neglected. Various approaches have been pro-
posed to make a “fair” binary classification (Baro-
cas and Selbst, 2014; Dwork et al., 2012; Feldman

Zhao et al., 2018
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Formalizing fairness & 
learning fair reprsentations… 

(see notes) 



Related: Brittleness



Adversarial examples are inputs to machine learning models that an 
attacker has intentionally designed to cause the model to make a 
mistake; they’re like optical illusions for machines

https://openai.com/blog/adversarial-example-research/

https://arxiv.org/abs/1312.6199
https://openai.com/blog/adversarial-example-research/


https://arxiv.org/pdf/1412.6572.pdf

https://arxiv.org/pdf/1412.6572.pdf






A tutorial in torch: 
https://pytorch.org/tutorials/beginner/fgsm_tutorial.html
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Universal Adversarial Triggers

Inputs

This movie is amazing!

Give him the Oscar...

Worth every minute...

Find a phrase that, if inserted into any input, would cause prediction y.
○ Typically ungrammatical, although still insightful. See [Song et al. 2020, Atanasova et al. 2020, Song et 

al. 2020] for grammaticality.

Wallace, Gardner, Singh, 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743


Universal Adversarial Triggers

zoning tapping fiennes

Trigger Phrase Inputs

This movie is amazing!

Give him the Oscar...

Worth every minute...

+

+

+

Find a phrase that, if inserted into any input, would cause prediction y.
○ Typically ungrammatical, although still insightful. See [Song et al. 2020, Atanasova et al. 2020, Song et 

al. 2020] for grammaticality.

Wallace, Gardner, Singh, 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743


Universal Adversarial Triggers

zoning tapping fiennes

Trigger Phrase Inputs

This movie is amazing!

Give him the Oscar...

Worth every minute...

+

+

+

Prediction

Positive Negative

Positive Negative

Positive Negative

Find a phrase that, if inserted into any input, would cause prediction y.
○ Typically ungrammatical, although still insightful. See [Song et al. 2020, Atanasova et al. 2020, Song et 

al. 2020] for grammaticality.

Wallace, Gardner, Singh, 2020

https://arxiv.org/abs/2005.00174
https://arxiv.org/abs/2009.08205
https://arxiv.org/abs/2011.04743


Generating Triggers

Dot product with Embedding Matrix
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Saliency maps
how does the class score change as a 
function of the input image (pixels)?



Average class saliency map



Behavioral testing: Checklists

Test case Expected Predicted Pass?

Testing Negation with MFT
Template: I {NEGATION} {POS_VERB} the {THING}.

I can’t say I recommend the food.  neg  pos ︎X
I didn’t love the flight.  neg  neutral ︎X

Failure rate = 76.4%
Testing NER with INV

@AmericanAir thank you we got on a 
different flight to [ Chicago → Dallas ].  inv  ︎X

@VirginAmerica I can’t lose my luggage, 
moving to [ Brazil → Turkey ] soon, ugh.  inv  ︎X

Failure rate = 20.8%
Testing Vocabulary with DIR

@AmericanAir service wasn't great. You 
are lame. ↓ ︎X

@JetBlue why won't YOU help them?! 
Ugh. I dread you. ↓ ︎X

Failure rate = 34.6%

Capability Min Func Test INVariance DIRectional
Vocabulary Fail. rate=15.0% 16.2% 34.6%

NER 0.0% 20.8%

%

N/A
Negation 76.4% N/A N/A

B
A

C

A

B

C

pos
neutral

Same pred. (inv) after  removals / additions  

Labels: negative, positive, neutral

Sentiment monotonic decreasing (↓)

…

…

…

…

neutral
neg

neg
neutral

neg
neutral

Figure 1: CheckListing a commercial sentiment analy-
sis model (�). Tests are structured as a conceptual ma-
trix with capabilities as rows and test types as columns
(examples of each type in A, B and C).

As an example, we CheckList a commercial sen-
timent analysis model in Figure 1. Potential tests
are structured as a conceptual matrix, with capa-
bilities as rows and test types as columns. As a
test of the model’s Negation capability, we use a
Minimum Functionality test (MFT), i.e. simple
test cases designed to target a specific behavior
(Figure 1A). We generate a large number of sim-
ple examples filling in a template (“I {NEGATION}
{POS_VERB} the {THING}.”) with pre-built lex-
icons, and compute the model’s failure rate on such
examples. Named entity recognition (NER) is an-
other capability, tested in Figure 1B with an In-
variance test (INV) – perturbations that should not
change the output of the model. In this case, chang-
ing location names should not change sentiment. In
Figure 1C, we test the model’s Vocabulary with a
Directional Expectation test (DIR) – perturbations
to the input with known expected results – adding
negative phrases and checking that sentiment does
not become more positive. As these examples indi-
cate, the matrix works as a guide, prompting users
to test each capability with di↵erent test types.

We demonstrate the usefulness and generality
of CheckList via instantiation on three NLP tasks:
sentiment analysis (Sentiment), duplicate question

detection (QQP; Wang et al., 2019b), and ma-
chine comprehension (MC; Rajpurkar et al., 2016).
While traditional benchmarks indicate that models
on these tasks are as accurate as humans, Check-
List reveals a variety of severe bugs, where com-
mercial and research models do not e↵ectively han-
dle basic linguistic phenomena such as negation,
named entities, coreferences, semantic role label-
ing, etc, as they pertain to each task. Further,
CheckList is easy to use and provides immediate
value – in a user study, the team responsible for a
commercial sentiment analysis model discovered
many new and actionable bugs in their own model,
even though it had been extensively tested and used
by customers. In an additional user study, we found
that NLP practitioners with CheckList generated
more than twice as many tests (each test containing
an order of magnitude more examples), and uncov-
ered almost three times as many bugs, compared to
users without CheckList.

2 CheckList

Conceptually, users “CheckList” a model by fill-
ing out cells in a matrix (Figure 1), each cell po-
tentially containing multiple tests. In this section,
we go into more detail on the rows (capabilities),
columns (test types), and how to fill the cells (tests).
CheckList applies the behavioral testing principle
of “decoupling testing from implementation” by
treating the model as a black box, which allows for
comparison of di↵erent models trained on di↵erent
data, or third-party models where access to training
data or model structure is not granted.

2.1 Capabilities

While testing individual components is a common
practice in software engineering, modern NLP mod-
els are rarely built one component at a time. In-
stead, CheckList encourages users to consider how
di↵erent natural language capabilities are mani-
fested on the task at hand, and to create tests to
evaluate the model on each of these capabilities.
For example, the Vocabulary+POS capability per-
tains to whether a model has the necessary vocab-
ulary, and whether it can appropriately handle the
impact of words with di↵erent parts of speech on
the task. For Sentiment, we may want to check
if the model is able to identify words that carry
positive, negative, or neutral sentiment, by verify-
ing how it behaves on examples like “This was a
good flight.” For QQP, we might want the model to

Beyond Accuracy: Behavioral Testing of NLP Models with CheckList

Marco Tulio Ribeiro

Microsoft Research
marcotcr@microsoft.com

Tongshuang Wu

Univ. of Washington
wtshuang@cs.uw.edu

Carlos Guestrin

Univ. of Washington
guestrin@cs.uw.edu

Sameer Singh

Univ. of California, Irvine
sameer@uci.edu

Abstract

Although measuring held-out accuracy has
been the primary approach to evaluate general-
ization, it often overestimates the performance
of NLP models, while alternative approaches
for evaluating models either focus on individ-
ual tasks or on specific behaviors. Inspired
by principles of behavioral testing in software
engineering, we introduce CheckList, a task-
agnostic methodology for testing NLP mod-
els. CheckList includes a matrix of general
linguistic capabilities and test types that facil-
itate comprehensive test ideation, as well as a
software tool to generate a large and diverse
number of test cases quickly. We illustrate the
utility of CheckList with tests for three tasks,
identifying critical failures in both commercial
and state-of-art models. In a user study, a team
responsible for a commercial sentiment analy-
sis model found new and actionable bugs in
an extensively tested model. In another user
study, NLP practitioners with CheckList cre-
ated twice as many tests, and found almost
three times as many bugs as users without it.

1 Introduction

One of the primary goals of training NLP models
is generalization. Since testing “in the wild” is
expensive and does not allow for fast iterations,
the standard paradigm for evaluation is using train-
validation-test splits to estimate the accuracy of
the model, including the use of leader boards to
track progress on a task (Rajpurkar et al., 2016).
While performance on held-out data is a useful
indicator, held-out datasets are often not compre-
hensive, and contain the same biases as the training
data (Rajpurkar et al., 2018), such that real-world
performance may be overestimated (Patel et al.,
2008; Recht et al., 2019). Further, by summarizing
the performance as a single aggregate statistic, it
becomes di�cult to figure out where the model is
failing, and how to fix it (Wu et al., 2019).

A number of additional evaluation approaches
have been proposed, such as evaluating robust-
ness to noise (Belinkov and Bisk, 2018; Rychalska
et al., 2019) or adversarial changes (Ribeiro et al.,
2018; Iyyer et al., 2018), fairness (Prabhakaran
et al., 2019), logical consistency (Ribeiro et al.,
2019), explanations (Ribeiro et al., 2016), diagnos-
tic datasets (Wang et al., 2019b), and interactive
error analysis (Wu et al., 2019). However, these
approaches focus either on individual tasks such
as Question Answering or Natural Language Infer-
ence, or on a few capabilities (e.g. robustness), and
thus do not provide comprehensive guidance on
how to evaluate models. Software engineering re-
search, on the other hand, has proposed a variety of
paradigms and tools for testing complex software
systems. In particular, “behavioral testing” (also
known as black-box testing) is concerned with test-
ing di↵erent capabilities of a system by validating
the input-output behavior, without any knowledge
of the internal structure (Beizer, 1995). While there
are clear similarities, many insights from software
engineering are yet to be applied to NLP models.

In this work, we propose CheckList, a new eval-
uation methodology and accompanying tool1 for
comprehensive behavioral testing of NLP models.
CheckList guides users in what to test, by provid-
ing a list of linguistic capabilities, which are appli-
cable to most tasks. To break down potential ca-
pability failures into specific behaviors, CheckList
introduces di↵erent test types, such as prediction
invariance in the presence of certain perturbations,
or performance on a set of “sanity checks.” Fi-
nally, our implementation of CheckList includes
multiple abstractions that help users generate large
numbers of test cases easily, such as templates, lexi-
cons, general-purpose perturbations, visualizations,
and context-aware suggestions.

1https://github.com/marcotcr/checklist

ar
X

iv
:2

00
5.

04
11

8v
1 

 [c
s.C

L]
  8

 M
ay

 2
02

0



Label: duplicate =, or non-duplicate ,; INV: same pred. (INV) after removals/ additions

Test TYPE and Description
Failure Rate

Example Test cases & expected behavior

RoB

Vocab. MFT: Modifiers changes question intent 78.4 78.0 { Is Mark Wright a photographer? | Is Mark Wright an accredited photographer? } ,

Ta
xo

no
m

y MFT: Synonyms in simple templates 22.8 39.2 { How can I become more vocal? | How can I become more outspoken? } =

INV: Replace words with synonyms in real pairs 13.1 12.7 Is it necessary to follow a religion?
Is it necessary to follow an organized ) organised religion?

*
INV

MFT: More X = Less antonym(X) 69.4 100.0 { How can I become more optimistic? | How can I become less pessimistic? } =

Robust.

INV: Swap one character with its neighbor (typo) 18.2 12.0 { Why am I getting ) gettnig lazy? |Why are we so lazy? } INV

DIR: Paraphrase of question should be duplicate 69.0 25.0 Can I gain weight from not eating enough?
Can I ) Do you think I can gain weight from not eating enough?

*
=

NER

INV: Change the same name in both questions 11.8 9.4 Why isn’t Hillary Clinton ) Nicole Perez in jail?
Is Hillary Clinton ) Nicole Perez going to go to jail?

*
INV

DIR: Change names in one question, expect , 35.1 30.1 What does India think of Donald Trump?
What India thinks about Donald Trump ) John Green?

*
,

DIR: Keep first word and entities of a question,
fill in the gaps with RoBERTa; expect , 30.0 32.8 Will it be di�cult to get a US Visa if Donald Trump gets elected?

Will the US accept Donald Trump?

*
,

Temporal

MFT: Is , used to be, non-duplicate 61.8 96.8 { Is Jordan Perry an advisor? | Did Jordan Perry use to be an advisor? } ,
MFT: before , after, non-duplicate 98.0 34.4 { Is it unhealthy to eat after 10pm? | Is it unhealthy to eat before 10pm? } ,

MFT: before becoming , after becoming 100.0 0.0 What was Danielle Bennett’s life before becoming an agent?
What was Danielle Bennett’s life after becoming an agent?

*
,

Negation
MFT: simple negation, non-duplicate 18.6 0.0 { How can I become a person who is not biased? | How can I become a biased person? } ,
MFT: negation of antonym, should be duplicate 81.6 88.6 { How can I become a positive person? | How can I become a person who is not negative } ,

Coref

MFT: Simple coreference: he , she 79.0 96.6 If Joshua and Chloe were alone, do you think he would reject her?
If Joshua and Chloe were alone, do you think she would reject him?

*
,

MFT: Simple resolved coreference, his and her 99.6 100.0 If Jack and Lindsey were married, do you think Lindsey’s family would be happy?
If Jack and Lindsey were married, do you think his family would be happy?

*
,

SRL

MFT: Order is irrelevant for comparisons 99.6 100.0 { Are tigers heavier than insects? |What is heavier, insects or tigers? } =
MFT: Orders is irrelevant in symmetric relations 81.8 100.0 { Is Nicole related to Heather? | Is Heather related to Nicole? } =
MFT: Order is relevant for asymmetric relations 71.4 100.0 { Is Sean hurting Ethan? | Is Ethan hurting Sean? } ,
MFT: Active / passive swap, same semantics 65.8 98.6 { Does Anna love Benjamin? | Is Benjamin loved by Anna? } =
MFT: Active / passive swap, di↵erent semantics 97.4 100.0 { Does Danielle support Alyssa? | Is Danielle supported by Alyssa? } ,

Logic
INV: Symmetry: pred(a, b) = pred(b, a) 4.4 2.2 { (q1, q2) | (q2, q1) } INV
DIR: Implications, eg. (a=b)^(a=c)ñ(b=c) 9.7 8.5 no example

Table 2: A selection of tests for Quora Question Pair. All examples (right) are failures of at least one model.

(acc: 91.1% and 91.3%). For MC, we use a pre-
trained BERT-large finetuned on SQuAD (Wolf
et al., 2019), achieving 93.2 F1. All the tests pre-
sented here are part of the open-source release, and
can be easily replicated and applied to new models.

Sentiment Analysis Since social media is listed
as a use case for these commercial models, we test
on that domain and use a dataset of unlabeled air-
line tweets for INV4 and DIR perturbation tests.
We create tests for a broad range of capabilities,
and present subset with high failure rates in Ta-
ble 1. The Vocab.+POS MFTs are sanity checks,
where we expect models to appropriately handle
common neutral or sentiment-laden words. and
RoB do poorly on neutral predictions (they were
trained on binary labels only). Surprisingly, �
and � fail (7.6% and 4.8%) on sentences that are
clearly neutral, with � also failing (15%) on non-
neutral sanity checks (e.g. “I like this seat.”). In
the DIR tests, the sentiment scores predicted by �
and � frequently (12.6% and 12.4%) go down con-
siderably when clearly positive phrases (e.g. “You

4For all the INV tests, models fail whenever their predic-
tion changes and the probability changes by more than 0.1.

are extraordinary.”) are added, or up (�: 34.6%)
for negative phrases (e.g. “You are lame.”).

All models are sensitive to addition of random
(not adversarial) shortened URLs or Twitter han-
dles (e.g. 24.8% of � predictions change), and to
name changes, such as locations (�: 20.8%, �:
14.8%) or person names (�: 15.1%, �: 9.1%).
None of the models do well in tests for the Tem-
poral, Negation, and SRL capabilities. Failures
on negations as simple as “The food is not poor.”
are particularly notable, e.g. � (54.2%) and �
(29.4%). The failure rate is near 100% for all com-
mercial models when the negation comes at the end
of the sentence (e.g “I thought the plane would be
awful, but it wasn’t.”), or with neutral content be-
tween the negation and the sentiment-laden word.

Commercial models do not fail simple Fair-
ness sanity checks such as “I am a black woman.”
(template: “I am a {PROTECTED} {NOUN}.”),
always predicting them as neutral. Similar to soft-
ware engineering, absence of test failure does not
imply that these models are fair – just that they are
not unfair enough to fail these simple tests. On
the other hand, always predicts negative when



Related: Interpretability



Defining terms, or: What do we ask of our models?

Transparency: How does this model work (technically)?

Post-hoc Interpretability: Useful “insights” into how the model works



More on interpretability 
with Sarthak Jain after 

the break!



Next time: More on ethics in 
ML (with a proper framework)


