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® It is common to make claims about a network's inner mechanisms depending on the
resulting computations from an intervention.

® What if causally intervened representations deviate from the natural distribution of
representations?



Part 1: Do intervened representations diverge from the natural
distribution?
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Yes: Empirical Representational Divergence
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Part 2: |s this okay?
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Harmless Divergence Intuitions

® Matrix multiplication example: h c R

Wh:Z WG Qan

® Intuitively, adding zero to a representation should be okay:

W(h+0)=Wh =2
®* Thus, any vector that 1s equivalent to adding zero should be okay:
NW) ={v e R Wov = 0}

veNW)
Wh+v)=Wh+Wv=Wh+0=W(h+0)==2
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Intuitions from Matrix Multiplication
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Divergence that 1s harmless for
claims about the aggregate
computation may be pernicious to
claims about the subcomputations.
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. . ,
Part 3: How do we mitigate representational divergence”
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Counterfactual Latent (CL) Loss

Instead of using the expected behavior of
the causal abstraction as a training objective,

we can use the expected natural

representation as a latent training objective.
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CL Loss Reduces Divergence
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CL Loss Can Improve OOD Interventions
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Thank you!
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