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Word Embeddings are Ubiquitous

Philipp Dufter, EMNLP 2019 Hong Kong

e : {“money“, “peace“, · · · } ! Rd

Embedding Matrix: E 2 Rn⇥d

1

e : {“good“, “peace“, . . . } ! Rd

Embedding Matrix: E 2 Rn⇥d

E0 = EQ

E 2 Rn⇥d original space
Q 2 Rd⇥d orthogonal
E0 2 Rn⇥d interpretable space

E

L : {“good“, “peace“, . . . } ! {�1, 1}

Q

E0 = EQ

1
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Dimensions are not Interpretable

Philipp Dufter, EMNLP 2019 Hong Kong

Interpretability is desirable:
• Retain relevant information
• Discard irrelevant information
• Supports goal of interpretable networks

man� woman ' king� queen

a� a0 ' b� b0

â = argmax
v2V

score(v) · similiarity(a, v)

e(“money”) =

0

BB@
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CCA

2

Interpretability = first dimension
correlated with e.g., sentiment
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Two Possibilities to Obtain Interpretable
Embedding Spaces

Philipp Dufter, EMNLP 2019 Hong Kong

i) Introduce new embedding algorithms
ii) Transform existing embedding spaces

Our Focus

Distance-
preserving

e : {“good“, “peace“, . . . } ! Rd

Embedding Matrix: E 2 Rn⇥d

E0 = EQ

E 2 Rn⇥d original space
Q 2 Rd⇥d orthogonal
E0 2 Rn⇥d interpretable space

E

L : {“good“, “peace“, · · · } ! {�1, 1}

Q

E0 = EQ

1

Maintains downstream performance
Assumes interpretable dimensions exist in the original space
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Simplification: Identify Interpretable Dimension

Philipp Dufter, EMNLP 2019 Hong Kong

Most results generalize
easily to multiple 
dimensions

e : {“good“, “peace“, . . . } ! Rd

Embedding Matrix: E 2 Rn⇥d

E0 = EQ

E 2 Rn⇥d original space
Q 2 Rd⇥d orthogonal
E0 2 Rn⇥d interpretable space

e0 = Eq

E 2 Rn⇥d original space
q 2 Rd⇥1 l2-normed
e0 2 Rn⇥1 interpretable dimension

E

L : {“good“, “peace“, . . . } ! {�1, 1}

Q

E0 = EQ

max
q

X

(v,w)2L 6=

↵ 6= kq|(ev � ew)k2 �
X

(v,w)2L=

↵= kq|(ev � ew)k2

subject to: q|q = 1

1
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max
q

X

di↵erent label

kq|(ev � ew)k2 �
X

same label

kq|(ev � ew)k2

max
q

X

di↵erent label
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X

same label
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q
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di↵erent label
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| �

X

same label

(ev � ew)(ev � ew)
|
⌘
q

=: max
q

q|Aq

1
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Pretrained Embeddings and Linguistic Feature 
Required

Philipp Dufter, EMNLP 2019 Hong Kong

Embeddings

e.g., Sentiment 
Lexicon

Model to obtain

Interpretable Values
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Intuition Behind Existing Densifier Model

Philipp Dufter, EMNLP 2019 Hong Kong

(Rothe et al. 2016)

dislike

like

peace

war

do

chocolate

don't

money

max

max

min

Q
dislike like

peacewar
do

chocolate

don't

money

max

max

min

sentiment
dimension

non-sentiment
dimensions

Figure 1: The original word embedding space (left) and the transformed embedding space (right). The training objective for Q is
to minimize the distances in the sentiment dimension between words of the same group (e.g., positive/green: “like” & “peace”) and
to maximize the distances between words of different groups (e.g., negative/red & positive/green: “war” & “peace”; not necessarily
antonyms).

2.3 Training
We combine the two objectives in Eqs. 3/5 for each
subspace, i.e., for sentiment, concreteness and fre-
quency, and weight them with ↵⇤ and 1�↵⇤. Hence,
there is one hyperparameter ↵⇤ for each subspace.
We then perform stochastic gradient descent (SGD).
Batch size is 100 and starting learning rate is 5, mul-
tiplied by .99 in each iteration.

2.4 Orthogonalization
Each step of SGD updates Q. The updated matrix
Q0 is in general no longer orthogonal. We therefore
reorthogonalize Q0 in each step based on singular
value decomposition:

Q0 = USV T

where S is a diagonal matrix, and U and V are or-
thogonal matrices. The matrix

Q := UV T

is the nearest orthogonal matrix to Q0 in both the
2-norm and the Frobenius norm (Fan and Hoffman,
1955). (Formalizing our regularization directly as
projected gradient descent would be desirable. How-
ever, gradient descent includes an additive operation
and orthogonal matrices are not closed under sum-
mation.)

SGD for this problem is sensitive to the learning
rate. If the learning rate is too large, a large jump

results and the reorthogonalized matrix Q basically
is a random new point in the parameter space. If
the learning rate is too small, then learning can take
long. We found that our training regime of start-
ing at a high learning rate (5) and multiplying by
.99 in each iteration is effective. Typically, the cost
initially stays about constant (random jumps in pa-
rameter space), then cost steeply declines in a small
number of about 50 iterations (sweet spot); the curve
flattens after that. Training Q took less than 5 min-
utes per experiment for all experiments in this paper.

3 Lexicon Creation

For lexicon creation, the input is a set of embed-
dings and a lexicon resource l, in which words are
annotated for a lexical information such as senti-
ment, concreteness or frequency. DENSIFIER is
then trained to produce a one-dimensional ultra-
dense subspace. The output is an output lexicon.
It consists of all words covered by the embedding
set, each associated with its one-dimensional ultra-
dense subspace representation (which is simply a
real number), an indicator of the word’s strength for
that information.

The embeddings and lexicon resources used in
this paper cover five languages and three domains
(Table 1). The Google News embeddings for En-
glish1 and the FrWac embeddings for French2 are

1https://code.google.com/p/word2vec/
2http://fauconnier.github.io/
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Densifier is a Nonlinear Optimization Problem

Philipp Dufter, EMNLP 2019 Hong Kong

(Rothe et al. 2016)

Solve with gradient descent
(potential re-orthogonalization for

multi-dimensional case)

e : {“good“, “peace“, . . . } ! Rd

Embedding Matrix: E 2 Rn⇥d

E0 = EQ

E 2 Rn⇥d original space
Q 2 Rd⇥d orthogonal
E0 2 Rn⇥d interpretable space

e0 = Eq

E 2 Rn⇥d original space
q 2 Rd⇥1 L2-normed
e0 2 Rn⇥1 interpretable dimension

E 2 Rn⇥d

L : {“good“, “peace“, . . . } ! {�1, 1}

q 2 Rd

E0 = Eq 2 Rn

max
q

X

di↵erent label

kq|(ev � ew)k �
X

same label

kq|(ev � ew)k

max
q

X

di↵erent label

kq|(ev � ew)k22 �
X

same label

kq|(ev � ew)k22

= max
q

q|
⇣ X

di↵erent label

(ev � ew)(ev � ew)
| �

X

same label

(ev � ew)(ev � ew)
|
⌘
q

=: max
q

q|Aq

1



30/10/2019 9

Modified Objective: DensRay

Philipp Dufter, EMNLP 2019 Hong Kong

Simple closed form solution available

e : {“good“, “peace“, . . . } ! Rd

Embedding Matrix: E 2 Rn⇥d

E0 = EQ

E 2 Rn⇥d original space
Q 2 Rd⇥d orthogonal
E0 2 Rn⇥d interpretable space

e0 = Eq

E 2 Rn⇥d original space
q 2 Rd⇥1 L2-normed
e0 2 Rn⇥1 interpretable dimension

E 2 Rn⇥d

L : {“good“, “peace“, . . . } ! {�1, 1}

q 2 Rd

E0 = Eq 2 Rn

max
q

X

di↵erent label

kq|(ev � ew)k �
X

same label

kq|(ev � ew)k

max
q

X

di↵erent label

kq|(ev � ew)k22 �
X

same label

kq|(ev � ew)k22

= max
q

q|
⇣ X

di↵erent label

(ev � ew)(ev � ew)
| �

X

same label

(ev � ew)(ev � ew)
|
⌘
q

=: max
q

q|Aq

1



31/10/2019 10

DensRay Objective can be Reduced to
Rayleigh-Quotient

Philipp Dufter, EMNLP 2019 Hong Kong
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1Solution: eigendecomposition of A
For multiple dimensions: always orthogonal Q.
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Consider 3 Applications for DensRay

Philipp Dufter, EMNLP 2019 Hong Kong

#BenderRule: 
English

1. (Sentiment) Lexicon Induction
2. Removing Gender Information
3. Set-Based Word Analogy
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Experiment 1: Sentiment Lexicon Induction

Philipp Dufter, EMNLP 2019 Hong Kong

Interpretable Axis

Trafo

Blue: sentiment
labels available



30/10/2019 13

Use Scores along Interpretable Axis as
Sentiment Scores

Philipp Dufter, EMNLP 2019 Hong Kong

Method:
1. Use values along

interpretable axis as
predicted scores

2. Compute Kendall‘s
Tau Rank Correlation
with gold test lexicon
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DensRay performs the same as Densifier

Philipp Dufter, EMNLP 2019 Hong Kong

Macro Mean across 8 lexica Densifier DensRay SVM
Kendall‘s Tau 0.580 0.581 0.618

• Densifier and DensRay perform the same
• SVM Baseline is strongest
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DensRay is more robust

Philipp Dufter, EMNLP 2019 Hong Kong

• In some cases Densifier fails to converge
• DensRay more robust than Densifier

Figure 1: Mean (top) and standard deviation (bottom)
of the performance across 40 samples of the training
lexicon with varying sizes. Performed on the English
concreteness task (line 8 in Table 1). SVR performs
similar to SVM and is omitted for clarity.

a list of occupation names3 by Bolukbasi et al.
(2016) and examine the cosine similarities of oc-
cupations with the vectors of “man” and “woman”.
Figure 2 shows the similarities in the origi-
nal space E and debiased space E·,�1. One
can see the similarities are closer to the iden-
tity (i.e., same distance to “man” and “woman”)
in the complement space. To identify occupa-
tions with the greatest bias, Table 3 lists occupa-
tions for which sim(ew, eman)�sim(ew, ewoman) is
largest/smallest. One can clearly see a debiasing
effect when considering the complement space.
Extending this qualitative study to a more rigor-
ous quantitative evaluation is part of future work.

Original Space Complement Space
man woman man woman

fe
m

al
e

bi
as actress 0.23 0.46 lawyer 0.16 0.27

businesswoman 0.32 0.53 ambassador 0.07 0.17
registered nurse 0.12 0.33 attorney 0.05 0.15
housewife 0.34 0.55 legislator 0.26 0.36
homemaker 0.22 0.40 minister 0.10 0.20

...

m
al

e
bi

as

hitman 0.41 0.27 captain 0.31 0.24
gangster 0.34 0.20 marksman 0.29 0.21
skipper 0.27 0.11 maestro 0.28 0.20
marksman 0.31 0.14 hitman 0.40 0.32
maestro 0.30 0.12 skipper 0.25 0.17

Table 3: Top 5 occupations that exhibit the greatest bias
(measured by difference in cosine similarity). Numbers
indicate cosine similarity between word vectors.

3
https://github.com/tolga-b/debiaswe/blob/master/data/

professions.json

Figure 2: Similarities of occupation vectors with the
vectors of man and woman. Top shows the original
word space and bottom the word space with removed
gender dimension.

5 Word Analogy

In this section we use interpretable word spaces for
set-based word analogy. Given a list of analogy
pairs [(a, a0), (b, b0), (c, c0), . . . ] the task is to
predict a0 given a. Drozd et al. (2016) provide a
detailed overview over different methods, and find
that their method LRCos performs best.

LRCos assumes two classes: all left elements of
a pair (“left class”) and all right elements (“right
class”). They train a logistic regression (LR) to
differentiate between these two classes. The pre-
dicted score of the LR multiplied by the cosine
similarity in the word space is their final score.
Their prediction for a0 is the word with the highest
final score.

We train the classifier on all analogy pairs ex-
cept for a single pair for which we then obtain
the predicted score. In addition we ensure that no
word belonging to the test analogy is used during
training (splitting the data only on word analogy
pairs is not sufficient).

Inspired by LRCos we use interpretable word
spaces for approaching word analogy: we train
DensRay or an SVM to obtain interpretable em-
beddings E0 = EQ using the class information as
reasoned above. We use a slightly different nota-
tion in this section: for a word w the ith compo-
nent of its embedding is given by Ew,i. Therefore
we denote as E·,1 the first column of E0 (i.e., the
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Experiment 2: 
Removing Gender Information

Philipp Dufter, EMNLP 2019 Hong Kong

Trafo

Use word-analogy pairs for
“male-female“ as lexicon
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Remove the Gender Dimension

Philipp Dufter, EMNLP 2019 Hong Kong

Method:
1. Simple approach: remove

the gender dimension
2. Evaluate qualitatively
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Examining Bias with Respect to Occupations
Names

Philipp Dufter, EMNLP 2019 Hong Kong

Modified SpaceOriginal Space

„Actress“

„Nurse“

„Gangster“

(Drozd et al. 2016)

„Woman“ „Man“

0.46

0.33

0.20

0.23

0.12

0.34

„Woman“ „Man“

0.38

0.25

0.28

0.31

0.18

0.32

Cosine
Similarity
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Examining Bias with Respect to Occupations
Names

Philipp Dufter, EMNLP 2019 Hong Kong

Modified SpaceOriginal Space

„Actress“

„Nurse“

„Gangster“

(Drozd et al. 2016)

„Woman“ „Man“

0.46

0.33

0.20

0.23

0.12

0.34

„Woman“ „Man“

0.38

0.25

0.28

0.31

0.18

0.32

Cosine
Similarity

0.23

0.21

0.14

0.07

0.07

0.04
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Experiment 3: Set-Based Word Analogy

Philipp Dufter, EMNLP 2019 Hong Kong

man� woman ' king� queen

a� a0 ' b� b0

2

man� woman ' king� queen

a� a0 ' b� b0

2

man� woman ' king� queen

a� a0 ' b� b0

â = argmax
v2V

score(v) · similiarity(a, v)

2

(Drozd et al. 2016)

Use e.g., Logistic Regression (Drozd et al. 
2016) or score along interpretable axis
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DensRay performs similar to Logistic
Regression

Philipp Dufter, EMNLP 2019 Hong Kong

macro mean across categories DensRay SVM Logistic Regr.
FastText +  BATS 0.60 0.60 0.61
GoogleNews +  BATS 0.48 0.46 0.45
FastText +  Google Analogy 0.91 0.90 0.89
GoogleNews +  Google Analogy 0.88 0.85 0.87

Performance very similar. 
DensRay beneficial for „difficult“ analogies.
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Summary

Philipp Dufter, EMNLP 2019 Hong Kong

• Interpretability through rotation never harms and is useful.
• Analytical solutions like SVMs or DensRay yield best

performance.
• DensRay is analytic, simple and works reliably across 3 

considered tasks. 

• Source Code: https://github.com/pdufter/densray
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Questions

Philipp Dufter, EMNLP 2019 Hong Kong
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