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Goals
Condition Transformer-based Language Models (TLMs) are:
• Expensive to condition (re-training [1], using additional parameters [2]).
• Perpetuated data bias [3].
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Efficient conditioned generation
Study about mitigating gender bias via conditioning.
Open-ended fine-grained conditioning.
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Concepts
Represent concepts with positive and negative sentences [6]

Positive sentences

Negative sentences

Sense

Contain keyword with WordNet sense [7]

Do NOT contain keyword

Homograph

Contain keyword with WordNet sense [7]

Contain same keyword with different sense [7]

Abstract

Contain abstract concept (ie. Sentiment)

Do NOT contain concept

…

…

…

[6] Bianca Scarlini, Tommaso Pasini, and Roberto Navigli. Just “OneSec” for producing multilingual sense-annotated data. ACL 2019.
[7] Princeton University. Wordnet: A lexical database for english. https://wordnet.princeton.edu.

Finding Expert Units
Understand which concepts are learnt in a Language Model (LM)
Contain concept c (y

= 1)

pos sentence 1
pos sentence 2
pos sentence 3
…
Do NOT contain concept c (y

neg sentence 1
neg sentence 2
neg sentence 3
…

= 0)

Finding Expert Units
Understand which concepts are learnt in a Language Model (LM)
Contain concept c (y

LM

= 1)

pos sentence 1
pos sentence 2
pos sentence 3
…
Do NOT contain concept c (y

neg sentence 1
neg sentence 2
neg sentence 3
…

i
= 0)

Sentence
label

Response
neuron i

1

0.83

1

1.74

1

0.98

0

0.12

0

0.06

0

1.01

Finding Expert Units
Understand which concepts are learnt in a Language Model (LM)
Contain concept c (y

LM

= 1)

pos sentence 1
pos sentence 2
pos sentence 3
…
Do NOT contain concept c (y

neg sentence 1
neg sentence 2
neg sentence 3
…

i
= 0)

Sentence
label

Response
neuron i

1

0.83

1

1.74

1

0.98

0

0.12

0

0.06

0

1.01

Is neuron i a good classifier
for concept c?

Finding Expert Units
Understand which concepts are learnt in a Language Model (LM)
Contain concept c (y

LM

= 1)

pos sentence 1
pos sentence 2
pos sentence 3
…
Do NOT contain concept c (y

neg sentence 1
neg sentence 2
neg sentence 3
…

i
= 0)

Sentence
label

Response
neuron i

1

0.83

1

1.74

1

0.98

0

0.12

0

0.06

0

1.01

Is neuron i a good classifier
for concept c?

i
APc

= 0.87

Unit expertise for concept c

Conditioning Based on Expert Units
What is the expert unit’s “active” value?
Contain concept c (y

LM

= 1)

pos sentence 1
pos sentence 2
pos sentence 3
…

i
Sentence
label

Response
neuron i

1

0.83

1

1.74

1

0.98

0

0.12

0

0.06

0

1.01

Conditioning Based on Expert Units
What is the expert unit’s “active” value?
Contain concept c (y

LM

= 1)

𝔼

pos sentence 1
pos sentence 2
pos sentence 3
…

i
Sentence
label

Response
neuron i

1

0.83

1

1.74

1

0.98

0

0.12

0

0.06

0

1.01

c
zî
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Our conditioning is better correlated
with the intrinsic model bias.
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Open ended conditioned generation (in paper)
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