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Overview

* Diagnose. An observed source coordinate also enters g, so
the standard auxiliary-variable proof fails.

* ldentify. When every observed source is conditioned on (O =
C), volume preservation (VP), variability, and alignment yield
ISA-style subspace identifiability.

«Select. A known graph targets finer partitions; a graph-
structured VP-flow handles observed-but-unselected sources
empirically.

The auxiliary is inside the picture

x=9( 61 , 62, object pose)
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¢4 IS measured at inference, yet it is

0 © also one of the coordinates the ren-

derer consumed. Thus the internal
auxiliary o is both known and an input
to x = g(0, z); the goal is to recover z.

A

M 04 shoulder angle —
observed

M 0> elbow angle + object
pose — targets

Why the standard proof breaks

Write 4(X) := log|detd,-1(x)|. There is one fixed g; changing context
changes where this term is evaluated.

(a) External auxiliary u (b) Internal auxiliary o (ours)
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Same X = {4 cancels.

Xo # Xo, = heed not cancel.

" Sufficient fix: VP on both
maps.

detd,| = |[detd;| =1

Obstruction. For d = (5 — £,
Aod — d(Xo) — O’(Xoo) % O

Ildentifiability theorem (Prop. 1)

THEOREM: O = C

Assume observed-coordinate preservation, conditional block fac-
torization, VP on both maps, full score—Hessian variability, and the
paper's alignment/regularity conditions (including a conditioning-
independent reparameterization and block matching).

Then the unobserved subspaces are identifiable up to permuta-
tion across subspaces + an invertible transform within each
(ISA-style class).

Scope. Square invertible source-to-observation map. The image
panels are empirical tests, not theorem instances.
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Choosing what to condition on

Conditioning on more observed sources can make the target partition
coarser: conditioning on a collider opens a path.
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O = {so, S4}; targets { sy, S3}.
The observed s, is a collider.

Condition on C Target blocks
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OUTSIDE PROP.1: C C O

Here C = {s4} leaves s;

~ observed but unselected.

. The graph term below models
- this case empirically; Prop. 1
- does not cover it.

*
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Selection rule. Among
nonempty C C O, choose the
smallest set that maximizes
the number of d-separated
target blocks.

Model

VP encoder: GIN, a volume-preserving flow.

L(8) = Ep|log pajign(6¢c | 0¢) + ) log p(Zc; | 0¢)
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* Align selected source coordinates with oc.
» Separate target blocks conditionally on o¢.
 Predict each unselected source from its graph-indexed slots.

Evidence

Ours, DGP: Flow
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