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Introduction: Interpretable Features

Transformer-based NLP Models
fine-tuned for a specific task
such as Natural Language
Inference (NLI) can learn to
encode linguistic features
required to perform the task.
Interpretability methods such as
probing can help demonstrate
that given linguistic feature, such
as POS or lexical relations, are
encoded in the intermediate
representations of a model.



Structured Class of NLI Examples

I ate some peaches for breakfast.

A "context" C:

A word pair W with relation R
(or "none):

⊆peaches fruit

Construct an NLI example as follows:

Premise:

I ate some peaches for breakfast.

Hypothesis:

I ate some fruit for breakfast.

Combine into a Premise/Hypothesis pair:



Causal Diagram: Expected Behaviour

I ate some peaches for breakfast.

A "context" C:

I ate some peaches for breakfast.

The context "monotonicity" M:

I did not eat any              for breakfast.

Upward ( ↑ ) Downward ( ↓ )

Effect on the entailment label:



Causal Diagram: Expected Behaviour



Causal Diagram: Model Behaviour



Causal Diagram: Model Behaviour

Not all causal effects
can be estimated,
but we can calculate:
 
DCE S -> Y 
DCE T -> Y
TCE C on Y
TCE W on Y



Interventions

Calculate the causal effects along
different paths by introducing an
intervention which changes the
variable of interest while holding
relevant variables constant
See Stolfo et al (202x) 



Intervention Examples



Causal Effect Calculation

For each intervention set, we calculate
the average "change in prediction":

This is equal to 1 if the prediction
changes, 0 if it does not.

 



Causal Effect Calculation

The best case scenario is a high TCE (high
sensitivity to relevant changes) combined

with a low DCE (high robustness to
irrelevant changes).



Interpreting Causal Effects

Stolfo et al interpret these causal
effects in terms of robustness and
sensitivity:
 
A high TCE for a relevant variable
means high sensitivity to relevant
changes,
while a low DCE for an irrelevant
variable means high robustness to
irrelevant changes.



Interpreting Causal Effects


