Mechanistic Independence for Identifiable Disentanglement

Motivation (vision): disentangle objects + their properties
Disentanglement: latent subspaces correspond to distinct factors of variation
Identifiability: are those factors uniquely recoverable (up to trivial ambiguities)?
Difficulties:
e Factors can be statistically dependent (e.g., “PC” co-occurs with “desk”)
e Nonlinear generators need extra structure—independence alone is insufficient for identifiability
|dea: use structure of the generator (mechanistic independence) to get identifiability



Background: from ICA/ISA to mechanistic independence

Setup: x = g(s), with latent space S C Sy x ... xS_K (subspace factors)

ICA: assumes independent latent variables

ISA: assumes independent subspaces (dependence allowed within each subspace)

ISA needs “irreducibility”: true subspaces cannot be split into smaller independent ones
This paper: reuse the ISA logic, but replace statistical independence by mechanistic
independence



Core theorem template

(Source factors\ (Learned factors\ ﬁSeneraI constr.\ (Identifiabilityx

Mechanistically

independent L , , Source factors
+ Mechanistically + Differentiable — atch

+ in ndent etc.
RN target factors

J J L _/

e |rreducibility: subspaces cannot be split into smaller mechanistically independent subspaces

\ Irreducible

e |dentifiable up to: permutation of factor blocks + invertible transforms within each block
e Works with multi-dimensional factors and can tolerate statistically dependent factors



Mechanistic independence criteria
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Experiments (synthetic)
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