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My focus: removing unwanted 
information from text representations

Why?

1) To protect people
2) Applications to causal inference
3) To see if we can!
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Can we use an LLM to rewrite the review to make it neutral?
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Minimal intrusion: change the 

text as little as possible
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Can LLMs Disentangle Text?

Text Rewriting Downstream 
Debiasing Future WorkRepresentation 

Blinding

Some success, but 

nowhere near baselines

Difficult task for both 

humans and LLMs

Performance might be 

task-dependent

1. 2. 3.
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Advances in post-hoc debiasing methods …
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Debiasing  methods let 
you use both!

Annotate by hand

Generate annotations 
with an LLM
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RQ1: When is it preferable to use 
debiasing methods over just the 
expert annotations?

RQ2: What are the performance 
differences between debiasing 
methods?
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RQ1: When is it preferable to use 
debiasing methods over just the 
expert annotations?

RQ2: What are the performance 
differences between debiasing 
methods?

Both DSL or PPI is more 

efficient than using only 

expert annotations.

DSL tends to outperform PPI, 

but performance is more 

dataset-dependant.
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Advances in mechanistic interpretability …
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Layer N
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2) Find relevant features
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Classifier Head

Layer 0

Layer 1

…

Layer NSHIFT method:
1) Train the classifier

2) Find relevant features

3) Interpret features

4) Select features

5) Remove and re-train

Can we remove male/female information 

from the text representation?
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Text

Outcome

… we’ll see!

Right now the results look 
encouraging but are not 

there yet.
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I’d like to work together!

If you found any of it useful or 
interesting, come have a chat :)



 Thank you for listening!
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