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III) The proposed framework

* Concept subspaces depend on the
estimation method.
* SO0 may structural interpretations.

IT) Motivation

Why study concept representations in models?

* Understand information organization (Chang et al., 2022)

* A proxy for human brains (Liu et al., 2024, Zhang et al., 2026)

Previous work uses concept subspaces to
Interpret concept representations.

» Estimate one concept subspace, and analyze its structures.
Example findings:

* Token position information was encoded along toruses,
spirals, and curves (Chang et al., 2022)

* Speakers and phonetics are encoded in orthogonal
dimensions (Liu et al., 2023)

Concept subspaces can be estimated In different
ways. Do they have similar properties?

® LDA < cov
LEACE

Erasure subspaces
(Liu et al., 2023, Belrose et al., 2023)

Probing subspaces
(Chang et al., 2022)

We proposed two concept subspace measures:

*Containment. How well is the target concept encoded in
the concept subspace, and not outside It?

*Disentanglement. How well is a concept subspace
disentangled from other concepts?

We quantify them using four (linear) probes, defined over
a linear decomposition of the representation space.
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Concept subspace
should encode all and only
concept information.
Complementary subspace
should preserve all information
about other concepts.

IV) Different estimators find different concept subspaces.

Language model: gender vs. profession concepts.
Gender erasure subspaces have better gender containment.
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Model input: A short paragraph of biography (Bias in bios)

Representation: BERT last-layer CLS tokens (sequence-level)

Speech model: phonetic vs. speaker concepts.
LEACE speaker subspace have the best overall property.
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Model input: Read speech (LibriSpeech)
Representation: HUBERT layer-11 outputs (frame-level)
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