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RECAP



HOW CAN BIAS BE EXHIBITED AGAIN?

e Disparate Treatment: Choices made directly on a protected
attribute
= Does favouring minority groups create new bias?

e Disparate Impact: Choices are fair for all classes, but outcome still
favours a certain class

_ p(yes| Minority) ,
What about p(yes| Majority) < 0.8




HOW CAN WE EQUALIZE?

e Demographical/Statistical Parity:
p(y=1A=0)=p(y=14A=1)

e Equal Opportunity:
p(y=1A=0,y=1)=p(y=14A=1,y=1)

e Fairness through unawareness:

= An algorithm is fair ( ) as long as any protected attributes A
are not explicitly used in decision-making process.
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Woman occupation proportion vs embedding bias in Google News vectors (Garg et al. 2018)



ASSESSING GENDER BIAS IN MACHINE
TRANSLATION
(PRATES ET AL. 2019)



ASSESSING GENDER BIAS IN MT

e Exploitation of Google Translates shows that translating from
gender-neutral languages to English shows strong bias towards
male pronouns.

m #H 0
nslat ff instant translation
1 EnghonHangas on vungarin - [
6 egy apolo. rse
6 egy tudd ientist
egy m K. nginee
egyp er.
gy tal he is a teacher.
egy eskuvéi sz She is a wedding organizer.
gy vezérigazg h Q.
) <
) EE v

Translating from Hungarian to English (Prates et al. 2019)



EXPERIMENT SERIES

e Assessing the distribution of translated gender pronouns per

occupation across 12 languages — English
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GOOGLE’S REACTION

Using Google Translate Turkish — English Using Google Translate Turkish — German
(16.12.2019) (16.12.2019)



LEARNING GENDER-NEUTRAL EMBEDDINGS
(ZHAO ET AL. 2018)



MAIN IDEA:

e |nstead of post-processing - learn gender neutral embeddings
with GloVe
e Features of GN-GloVe:
= End-to-end
» Interpretability
= Preserves word proximity



MINI-WALKTHROUGH: GLOVE

e Starting point: Predict ratios of co-occurrences between a source
word wy, and two context words w; and w;:

- F(wza Wy, wk) — ?
J
e Calculating ratios effictively redues noise
Probability and Ratio | &k = solid k = gas k = water  k = fashion
P(klice) 1.9x 107% 6.6 x 107 3.0x107° 1.7x107°
P(k|steam) 22%x 1075 78x107% 22x 1073 1.8x 1077
P(klice)/ P(k|steam) 8.9 8.5 x 1072 1.36 0.96

Co-occurrence probabilities for target words ice and steam with selected context words from a 6
billion token corpus (Pennington et al. 2014)






e Transformations



e Transformations
~\ __ Py
« F(w; —wj,wy) =

Py



e Transformations
~ \ _ Py
« F(w; —wj,wy) = »

» F((w; — wj)Ti) = 5

Pjj,



e Transformations
O F(’wz — w]',’lﬁk) - ]]j;k
» F((w; —wj)Twy) =

e Requirements:
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e Transformations
~ \ _ Py
« F(w; —wj,wy) = P

k
 F((w; — wy)Tiiy) = £

e Requirements:
= Homomorphism between (R, +) and (R4, X):



e Transformations
~ \ _ Py
« F(w; —wj,wy) = P

k
 F((w; — wy)Tiiy) = £

e Requirements:

= Homomorphism between (R, +) and (R~g, X):

- - F(w!wy)
\ T T _ i Uk




e Transformations
~ \ _ Py
« F(w; —wj,wy) = P

k
 F((w; — wy)Tiiy) = £

e Requirements:

= Homomorphism between (R, +) and (R4, X):
F(w] wi,)
F(wjwy)
-%F(w wk) f)ik:X““

= — F(w-Tu"ik — ’LUT-”(ﬁk) —




e Transformations
O F(’wz — w]',’lﬁk) - 2

k
 F((w; — wy)Tiiy) = £

P;

e Requirements:
= Homomorphism between (R, +) and (R4, X):

T

.« s F(wlw, — wliy) = 20

F(wjzﬁk)
-%F(wwk) Rk:{%ﬂ
e Solution with F'(x) = €




e Transformations
- F(’wz — w]',’lﬁk) —
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-%F(wwk) Rk—{%k

e Solution with F'(x) = €
» w] Wy = log(Py;) = log(Xix) — log(X;)



e Transformations
- F(’wz — w]',’lﬁk) —
» F((w; — w;)Twg)

e Requirements:

P;

ik
P
ij

= Homomorphism between (R, +) and (R4, X):
F(w fw;)

T ~
F(w;wy)

« — F(wj Wy — wjwy) =

» > F(wwy) = Py, = )_)%
e Solution with F'(z) = €”

o w wk = log(Pik),.: IOg(Xz'k) — log(Xi)

. ’wz- Wy, + b; + by = log(Xiy)




WEIGHTED LEAST SQUARES LOSS

§
J =Y f(Xij)(w] @y, + bi + by — log(Xix))?

1]

xmax

Function f



GENDER NEUTRAL WORD EMBEDDINGS:

e Reserve k dimensions of Featurespace R? for gender information:
« w9 € R*: gender component
» wl® € RI*: heutral component
= Embedding vector becomes [w(®; w(9)]

= Calculate gender direction v, € RI-*
» Define vocabulary subsets:
= {),,=(male), {2 r=(female), {2,,=(neutral)



LOSS CALCULATION:

J =Jg + AiJp + Ae e



LOSS CALCULATION:
J =Ja+ AgJp + AeJe

e Jo = ZZJ f(XzJ)(’wJTIJk + b; + I;k — lOg(Xik))z



LOSS CALCULATION:

J =Jg + AiJp + Ae e

o Jo =30 F(Xi) (w] g + b + b, — log(X )’
- ‘]1%1 — HZwEQM w(g) o wE F H



LOSS CALCULATION:

J =Jg + AgJdp + A Je

o Jo =31 F(Xi) (w] g + b +bk—10g(X ))?
75 2|3, w0 Zpea, w7
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LOSS CALCULATION:

J =Jg + AiJp + Ae e

o Jo = 30 f(Xi) (w] g + b +bk—log(X ))?

Tl 0y 07 = Lyeq, v
" JILD2 — Zweﬂ Hﬂle - Hz
Zweﬂ H'BZe_ HZ

o Jp = Zweﬂ (va( ))?



LOSS CALCULATION:

J =Jg + AiJp + Ae e

o Jo = 30 f(Xij) (w]dy + b +bk—log(X ))?

Tl 0y 07 = Lyeq, v
" JILD2 — Zweﬂ Hﬂle - Hz
Zweﬂ H'BZe_ HZ

o Jp = Zweﬂ (va( ))?



ANALYSIS: SIMILARITY TO GENDER-
NEUTRAL PROFESSIONS

(a): Plotting w'9) on random axis

(a)T
w\ v,
e (b), (c): Plotting for GN-GloVe & GloVe
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ANALYSIS: RELATIONAL TASK

e Create relational pairs:
» definiational actor - actress
m steoreotypical: nurse - doctor
= gender-unrelated: cup - lid
e Test against she - he via cosine similarity

Dataset ~ Embeddings | Definition Stereotype None
GloVe 80.2 10.9 8.9
SemBias Hard-Glove 84.1 6.4 9.5
GN-GloVe 97.7 1.4 0.9
SemBias GloVe 57.5 20 22.5
(subset) Hard-Glove 25 27.5 47.5
GN-GloVe 75 15 10




ANALYSIS: SIMILARITY TASK

e Analogy (Accuracy): Google analogy dataset
n infrequent infrequently immediate immediately
m Athens Greece Bern Switzerland
e Similiarity (Ranking): WS353-ALL
= stock egg 1.81
n fertility egg 6.69

Embeddines Analogy | Similarity

© Google MSR | WS353-ALL RG-65 MTurk-287 MTurk-771 RW  MEN-TR-3k
GloVe 70.8 458 62.0 75.3 64.8 64.9 37.3 72.2
Hard-GloVe 70.8 45.8 61.2 74.8 64.4 64.8 37.3 72.2
GN-GloVe-L1 | 68.9 43.7 62.8 74.1 66.2 66.2 40.0 74.5
GN-GloVe-L2 | 68.8 43.6 62.5 76.4 66.8 65.6 39.3 74.4




ANALYSIS: COREFERENCE RESOLUTION

e Ontonotes 5.0
e Winobias
m pro/-anti-stereotype: The CEO raised the salary of the
receptionist because he/she is generous.

e Best results when only w'®) is used

Embeddings OntoNotes-test | PRO ANTI Avg Dift

GloVe 66.5 76.2 46.0 o61.1 30.2
Hard-Glove 66.2 706 549 628 15.7
GN-GloVe 66.2 72.4 519 62.2 205

GN-GloVe(w,) 65.9 70.0 539 62.0 16.1




EQUALIZING GENDER BIAS IN NEURAL
MACHINE TRANSLATION WITH WORD
EMBEDDINGS TECHNIQUES
(FONT ET AL. 2019)



e Problem: Gender bias in Machine Translation
e Possible Embeddings:

= GloVe

= Hard-GloVe (post-processed)

= GN-Glove (learned)
e Putting it all together:

Experiment series defined by (Font et al. 2019)



MINI-WALKTHROUGH: TRANSFORMER
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DATA

e Training data: English — Spanish (16. Mio pairs)
e Test set: newstest2013 (3.000 pairs)
L]

e Bias assessment (Occupations) set:

I’ve known {her, him, <proper noun>} for a long
time, my friend works as {a, an} <occupation>.




RESULTS

e GN-GloVe shows a higher accuracy when predicting technical
professions (criminal investigator, heating mechanic, refrigeration
mechanic)

Percentage of “friend” being translated as “amiga” or “amigo” in test sentences with female-male
pronouns and proper names for the Occupations test. (Font et al. 2019)



CONCLUSION



e Wrap-up
= (Gender-)Bias is prominintin NLP - also in MT.
» Embeddings can be debiased during Learning (GN-GloVe)
n All tested embedding-types solve the pronoun resolution (even
MT-trained ones)
» Hard-GloVe excels in solving proper name resolution



e Wrap-up
= (Gender-)Biasis prominintin NLP - also in MT.
» Embeddings can be debiased during Learning (GN-GloVe)
n All tested embedding-types solve the pronoun resolution (even
MT-trained ones)
» Hard-GloVe excels in solving proper name resolution
e Critique
= Analysis, why is GN-GloVe actually worse with proper names?
= Why not applying the Losses of GN-GloVe to the machine
translation task?
s |f transformer-trained Embeddings are already so strong, is
debiasing still necessary?
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