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This session

• Tokenisation and embeddings (Q&A) 

• The neural bigram model revisited 

• Bias in word representations (in-class assignment) 

• Outlook on Unit 2



Tokenisation and embeddings (Q&A)



Lecture 1.4, question 5



Lecture 1.6, question 1
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The neural bigram model revisited



A neural four-gram model
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Bias in word representations



Embedding bias and occupation participation

Our results demonstrate that word embeddings are a power-
ful lens through which we can systematically quantify common
stereotypes and other historical trends. Embeddings thus provide
an important quantitative metric which complements existing,
more qualitative, linguistic and sociological analyses of biases. In
Embedding Framework Overview and Validations, we validate that
embeddings accurately capture sociological trends by comparing
associations in the embeddings with census and other externally
verifiable data. In Quantifying Gender Stereotypes and Quantifying

Ethnic Stereotypes we apply the framework to quantify the change
in stereotypes of women, men, and ethnic minorities. We further
discuss our findings in Discussion and provide additional details
in Materials and Methods.

Embedding Framework Overview and Validations

In this section, we briefly describe our methods and data and
then validate our findings. We focus on showing that word
embeddings are an effective tool to study historical biases and
stereotypes by relating measurements from these embeddings
to historical census and survey data. The consistent replication
of such historical data, both in magnitude and in direction of
biases, validates the use of embeddings in such work. This section
extends the analysis of refs. 20 and 21 in showing that embed-
dings can also be used as a comparative tool over time as a
consistent metric for various biases.

Summary of Data and Methods. We now briefly describe our
datasets and methods, leaving details to Materials and Methods

and SI Appendix, section A. All of our code and embeddings
are available publicly⇤. For contemporary snapshot analysis, we
use the standard Google News word2vec vectors trained on the
Google News dataset (24, 25). For historical temporal analysis, we
use previously trained Google Books/Corpus of Historical Amer-
ican English (COHA) embeddings, which are a set of nine embed-
dings, each trained on a decade in the 1900s, using the COHA
and Google Books (26). As additional validation, we train, using
the GLoVe algorithm (27), embeddings from the New York Times

Annotated Corpus (28) for every year between 1988 and 2005. We
then collate several word lists to represent each gender† (men,
women) and ethnicity‡ (White, Asian, and Hispanic), as well as
neutral words (adjectives and occupations). For occupations, we
use historical US census data (29) to extract the percentage of
workers in each occupation that belong to each gender or ethnic
group and compare it to the bias in the embeddings.

Using the embeddings and word lists, one can measure the
strength of association (embedding bias) between neutral words
and a group. As an example, we overview the steps we use to quan-
tify the occupational embedding bias for women. We first com-
pute the average embedding distance between words that repre-
sent women—e.g., she, female—and words for occupations—e.g.,
teacher, lawyer. For comparison, we also compute the average
embedding distance between words that represent men and the
same occupation words. A natural metric for the embedding bias

⇤All of our own data and analysis tools are available on GitHub at https://github.com/
nikhgarg/EmbeddingDynamicStereotypes. Census data are available through the Inte-
grated Public Use Microdata Series (29). We link to the sources for each embedding
used in Materials and Methods.

†There is an increasingly recognized difference between sex and gender and thus
between the words male/female and man/woman, as well as nonbinary categories. We
limit our analysis to the two major binary categories due to technical limitations, and
we use male and female as part of the lists of words associated with men and women,
respectively, when measuring gender associations. We also use results from refs. 6 and
7 which study stereotypes associated with sex.

‡When we refer to Whites or Asians, we specifically mean the non-Hispanic subpopu-
lation. For each ethnicity, we generate a list of common last names among the group.
Unfortunately, our present methods do not extend to Blacks due to large overlaps in
common last names among Whites and Blacks in the United States.

is the average distance for women minus the average distance for
men. If this value is negative, then the embedding more closely
associates the occupations with men. More generally, we com-
pute the representative group vector by taking the average of the
vectors for each word in the given gender/ethnicity group. Then
we compute the average Euclidean distance between each repre-
sentative group vector and each vector in the neutral word list of
interest, which could be occupations or adjectives. The difference
of the average distances is our metric for bias—we call this the
relative norm difference or simply embedding bias.

We use ordinary least-squares regressions to measure asso-
ciations in our analysis. In this paper, we report r2 and the
coefficient P value for each regression, along with the intercept
confidence interval when relevant.

Validation of the Embedding Bias. To verify that the bias in the
embedding accurately reflects sociological trends, we compare
the trends in the embeddings with quantifiable demographic
trends in the occupation participation, as well as historical sur-
veys of stereotypes. First, we use women and minority ethnic
participation statistics (relative to men and Whites, respectively)
in different occupations as a benchmark because it is an objective
metric of social changes. We show that the embedding accu-
rately captures both gender and ethnic occupation percentages
and consistently reflects historical changes.

Next, we validate that the embeddings capture personality trait
stereotypes. A difficulty in social science is the relative dearth of
historical data to systematically quantify stereotypes, which high-
lights the value of our embedding framework as a quantitative
tool but also makes it challenging to directly confirm our findings
on adjectives. Nevertheless, we make use of the best available
data from historical surveys, gender stereotypes from 1977 and
1990 (6, 7) and ethnic stereotypes from the Princeton trilogy
from 1933, 1951, and 1969 (8–10).
Comparison with women’s occupation participation. We investi-
gate how the gender bias of occupations in the word embeddings
relates to the empirical percentage of women in each of these
occupations in the United States. Fig. 1 shows, for each occu-
pation, the relationship between the relative percentage (of
women) in the occupation in 2015 and the relative norm dis-
tance between words associated with women and men in the
Google News embeddings. (Occupations whose 2015 percent-
age is not available, such as midwife, are omitted. We further
note that the Google News embedding is trained on a corpus
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Fig. 1. Women’s occupation relative percentage vs. embedding bias in
Google News vectors. More positive indicates more associated with women
on both axes. P < 10�10, r2 = 0.499. The shaded region is the 95% boot-
strapped confidence interval of the regression line. In this single embedding,
then, the association in the embedding effectively captures the percentage
of women in an occupation.

E3636 | www.pnas.org/cgi/doi/10.1073/pnas.1720347115 Garg et al.
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Partner discussion

• Partner A: “The results of Garg et al. clearly show that word 
embeddings contain harmful biases. There is a risk that we build 
these biases into our models. We should therefore develop 
methods for de-biasing embeddings.” 

• Partner B: “The results of Garg et al. simply show statistical 
correlations in the data; I would not call them harmful biases. 
The results suggest that word embeddings make an interesting 
tool for data-driven research in the social sciences.”





In-class assignment

https://forms.office.com/e/R447gwBmcX



Outlook on Unit 2


