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Abstract

Identifiable representation learning asks when a learned latent representation corresponds to gen-
erative, causal, or task-relevant factors rather than an arbitrary nonlinear reparameterization of the
same observed distribution. This article develops anchor—stabilizer theory as a symmetry-breaking
framework for this problem. The central idea is that positive identifiability results rely, explicitly or
implicitly, on generalized anchors: conditional, temporal, structural, mechanistic, relational, semantic,
objective-induced, decoder-level, or query-level resources that restrict the latent transformations left
unresolved by the observed marginal distribution. An anchor is formalized as an augmented observa-
tion or constraint operator that refines baseline observational equivalence. The residual ambiguity
left by the anchor is its stabilizer, namely the set of latent reparameterizations that preserve both the
original observations and the anchored structure. Identifiability is obtained when this stabilizer is
contained in an accepted ambiguity class, such as permutation, component-wise transformations,
block transformations, graph-preserving transformations, or query-preserving transformations. Com-
posite anchors reduce ambiguity by intersecting stabilizers, explaining why individually insufficient
resources may become jointly identifying. The framework unifies auxiliary-variable nonlinear ICA,
identifiable VAEs, structured nonlinear ICA, sparse and geometric decoders, causal representation
learning, grouping, contrastive learning, augmentation invariance, supervised labels, and no-auxiliary
approaches as instances of the same symmetry-breaking principle.

Keywords: identifiable representation learning; nonlinear ICA; causal representation learning;
generalized anchors; symmetry breaking; anchor stabilizer; latent reparameterization

1. Introduction

Modern representation learning is often motivated by the assumption that high-dimensional
observations are generated from lower-dimensional latent factors. In images, such factors may
correspond to position, lighting, pose, shape, or identity; in scientific data, they may correspond
to hidden physical, biological, or causal states. Deep latent-variable models, including variational
autoencoders, normalizing flows, energy-based models, and nonlinear causal generative models,
provide flexible tools for modeling such observations. Yet fitting the observed distribution is not the
same as recovering the latent variables that generated the data. A model may reproduce the same
marginal law of observations while representing the underlying factors in a transformed, entangled,
or causally misleading coordinate system. (Hyvarinen et al., 2024; Kingma & Welling, 2014; Rezende
et al., 2014; Scholkopf et al., 2021)

This gap is the identifiability problem. If observations are generated from latent variables through
a nonlinear mechanism, then many invertible transformations of the latent space can be absorbed
by changing the decoder or mechanism. The observed marginal law alone therefore cannot usually
determine which latent coordinate system is the intended one. In nonlinear ICA this obstruction is
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fundamental: independent sources under an unrestricted nonlinear mixing map are not identifiable
without additional structure. A parallel lesson appears in disentangled representation learning, where
purely unsupervised disentanglement is impossible in general without inductive biases on both model
and data. (Hyvarinen & Pajunen, 1999; Locatello et al., 2019)

The consequence is practical as well as conceptual. Without identifiability, learned latent variables
may be unstable across retraining, incomparable across models, and unreliable for transfer, intervention,
explanation, or downstream scientific discovery. The relevant question is therefore not merely whether
a flexible model can fit the observed distribution, but what additional resources make some latent
representation recoverable up to an acceptable residual ambiguity.

The literature on identifiable representation learning can be read as a progressive search for such
symmetry-breaking resources. Classical linear ICA becomes identifiable under independence and
non-Gaussianity assumptions, up to familiar permutation and scaling ambiguities. Nonlinear ICA
is generally not identifiable from independent sources alone, so positive results introduce additional
information: auxiliary variables, temporal dependence, nonstationarity, hidden regimes, interventions,
decoder structure, grouping, multi-view relations, contrastive pairs, labels, or downstream causal
queries. These resources differ in surface form, but they play the same role: they rule out latent
reparameterizations that would otherwise preserve the observed marginal law. (Comon, 1994; Hilva
et al., 2021; Hyvérinen et al., 2019; Khemakhem, Kingma, et al., 2020; Lippe et al., 2022; Moran et al.,
2022; von Kiigelgen et al., 2023)

This article calls such resources generalized anchors. An anchor is any observed, relational, tem-
poral, structural, mechanistic, semantic, objective-induced, decoder-level, or query-level resource
that reduces latent reparameterization freedom. Auxiliary variables, conditional priors, temporal
histories, nonstationary regimes, interventions, sparse decoders, grouping maps, contrastive pairs,
augmentation invariances, labels, and downstream causal queries are all anchor candidates. They
differ in where they live and what they preserve, but they share a common role: they break symmetries
that would otherwise make latent representations arbitrary.

The main contribution of this article is to develop anchor—stabilizer theory. The baseline unidentifi-
ability of a latent-variable model is represented by an observational equivalence relation or a latent
reparameterization group. A generalized anchor induces an augmented observation or constraint
operator that refines this equivalence relation. The transformations that survive the anchor form
an anchor stabilizer. Identifiability up to a target ambiguity class is obtained precisely when the
anchor stabilizer is contained in that target class, modulo unavoidable isotropy of the parameterization.
Composite anchors act by stabilizer intersection, which provides a formal language for anchor synergy,
redundancy, and incompatibility.

This perspective changes how identifiable representation learning is organized. Instead of treating
nonlinear ICA, iVAE, structured nonlinear ICA, sparse decoding, causal representation learning,
grouping, contrastive learning, and supervised semantic learning as unrelated technical routes, anchor-
stabilizer theory asks the same questions for each result: what object is anchored, which latent
transformations are removed, which transformations remain, how much of the latent system is
covered, and whether the remaining ambiguity preserves the relevant downstream query.

The article makes four theoretical contributions. First, it formalizes generalized anchors as
augmented observation or constraint operators that refine the baseline observational equivalence
relation. Second, it defines the residual ambiguity of an anchor as a stabilizer subgroup of the baseline
latent reparameterization group, yielding a common criterion for identifiability up to a target ambiguity
class. Third, it proves that composite anchors compose by stabilizer intersection, which explains why
individually insufficient resources may become jointly identifying. Fourth, it extends exact asymptotic
identifiability with local anchor rank, robust anchor margin, anchor strength preorder, partial coverage,
soft anchors, and query-preserving identifiability.
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2. Existing Routes to Identifiability as Anchor Families

The preceding section framed identifiable representation learning as a problem of reducing latent
ambiguity. This section reviews the main technical routes through which the literature has attempted
to achieve this reduction. The goal is not to provide a chronological catalogue of a few influential
methods, but to reinterpret many methods as different ways of introducing symmetry-breaking
resources into otherwise underdetermined nonlinear latent-variable models. Each route supplies a
different kind of structure: an observed auxiliary variable, temporal or spatial organization, sparse
generative geometry, interventions, multiple views, grouping information, contrastive relations, or
environment-level variation. These resources differ in form, but they all constrain the set of latent
reparameterizations that remain compatible with the observed data.

2.1. Observed Auxiliary and Conditional-Distribution Anchors

The observed-auxiliary route is one of the cleanest starting points for modern identifiable rep-
resentation learning. In nonlinear ICA, source independence alone is insufficient under unrestricted
nonlinear mixing, but an auxiliary variable can modulate the latent distribution in a way that rules
out many spurious reparameterizations. Generalized contrastive learning uses an auxiliary variable u,
such as a time index, history, class label, or other side information, to discriminate true (x, u) pairs
from mismatched pairs, thereby turning conditional variation into an identifying signal. (Hyvarinen
etal., 2019)

Deep generative versions of the same idea condition the latent prior or energy function on
observed side information. Identifiable VAEs show that, under suitable conditional factorization and
sufficient variation, a broad class of latent-variable models can identify the joint distribution over
observations and latents up to simple transformations. Related flow and energy-based extensions
show that the same anchor logic can be expressed through likelihood-based, flow-based, or conditional
energy-based objectives, not only through one VAE architecture. (Khemakhem, Kingma, et al., 2020;
Khemakhem, Monti, et al., 2020; Sorrenson et al., 2020)

The important conceptual point is not that there is one privileged auxiliary-variable method. It
is that an observed u can act as an explicit anchor by forcing the representation to preserve a family
of conditional distributions rather than only a marginal distribution. The strength of this anchor
depends on the richness of modulation, the coverage of latent factors, and whether the factorization
assumptions match the true data-generating process. (Hyvérinen et al., 2024, 2023)

The limitation is equally important. Many datasets do not provide clean, observed, correctly
specified side variables. Some labels are coarse, noisy, or affect only part of the latent state; some
covariates are themselves effects rather than causes; some domains are latent; and some variables useful
for identifiability are never measured. This motivates routes that replace explicit auxiliary variables
with process structure, decoder structure, interventions, relations among samples, or downstream
queries.

2.2. Process Anchors: Time, Nonstationarity, Hidden Regimes, and Non-Invertible Observations

A second route uses structure internal to the data-generating process. Temporal dependence,
spatial organization, hidden states, nonstationarity, and autocorrelation can play the role of anchors
because they restrict which latent transformations preserve the joint distribution of sequences or
structured observations. The identifying object is no longer simply a side variable u; it may be a
transition law, a dependence pattern, or a latent regime. (Hélva & Hyvarinen, 2020; Halva et al., 2021;
Hyvérinen & Morioka, 2017)

Structured nonlinear ICA is a representative framework in this family. Its contribution is not only
a particular model, but the broader observation that identifiability can arise from temporal structures,
spatial dependencies, hidden states, and noisy observations. In anchor language, the process itself
supplies constraints that the latent representation must respect. (Halva et al., 2021)
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Recent temporal causal representation work pushes this further. Temporally Disentangled Repre-
sentation Learning studies time-delayed causally related latent processes with nonparametric tran-
sitions and asks when latent temporal variables and their relations can be identified from nonlinear
mixtures. Unknown-nonstationarity methods treat domain or phase indices as latent anchors to be
inferred, while sparse-transition methods identify distribution shifts through sufficiently distinct and
sparse transition changes. (Song et al., 2024, 2023; Yao et al., 2022)

This family also exposes a major fragility: many results assume that the observation map is
invertible. Non-invertible temporal generation, such as occlusion or projection from richer states to
lower-dimensional observations, can break standard assumptions. CaRiNG addresses this by using
temporal context to recover information lost at a single time point, showing that the anchor may be a
window of observations rather than the current observation alone. (Chen et al., 2024)

Process anchors are valuable because they often exist without manual labels. Their difficulty is
diagnosis: temporal order or nonstationarity is not automatically an anchor. It becomes one only when
the process variation is rich enough to rule out the relevant reparameterizations.

2.3. Decoder, Sparsity, Geometric, and No-Auxiliary Anchors

A third route asks whether identifiability can be obtained without observed auxiliary variables.
These works replace external side information with constraints on the mixing function, decoder, latent
prior, or architecture. From the generalized-anchor perspective, this route is essential: it shows that an
anchor need not be attached to each sample. It can be a structural property of the generative map itself.
(Kivva et al., 2022; Moran et al., 2022; Zheng et al., 2022)

Sparse decoding gives the most literal example. In sparse deep generative models, each observed
feature depends only on a small subset of latent factors. If each latent factor has enough anchor
features, observed coordinates depending on that factor alone, then the sparse generative model can
be identifiable. These anchor features pin down latent factors by breaking rotations and nonlinear
entanglements that would otherwise preserve p(x). (Moran et al., 2022)

Structural sparsity generalizes the same idea from explicit anchor features to the support pattern
of the Jacobian of the mixing function. If only certain latent variables can influence certain observed
variables, the admissible transformations are restricted. Later work relaxes all-or-nothing assumptions
by considering undercomplete settings, partial sparsity, partial source dependence, and flexible
grouping structures. This progression is important because real anchors may cover only part of the
latent system. (Zheng et al., 2022; Zheng & Zhang, 2023)

Another no-auxiliary family constrains the function class geometrically. Conformal maps, orthog-
onal coordinate transformations, and related differential-geometric restrictions limit how the decoder
may warp latent space. These anchors should be separated from sparsity: sparsity constrains the
support of influence, whereas geometric anchors constrain local metric, angle, or derivative structure.
Both reduce latent symmetry, but through different invariants. (Buchholz et al., 2022)

A further family constrains decoder algebra and composition. Additive decoders assume ob-
servations decompose into sums of block-specific contributions; under suitable conditions, latent
blocks can be identified up to block-wise transformations. Interaction asymmetry extends this idea to
higher-order generator interactions, proposing that within-concept interactions are more complex than
across-concept interactions and using derivative block-diagonality to support disentanglement and
compositional generalization. (Brady et al., 2025; Lachapelle et al., 2023)

Finally, no-auxiliary identifiability can come from prior-family and architecture constraints.
Mixture priors combined with piecewise-affine decoders yield a hierarchy of identifiability strengths,
including affine recovery under weak conditions and stronger recovery under additional assumptions.
This route is important because it prevents the theory from implying that observed side information is
always necessary. Anchor theory instead says that some resource must break the symmetry; in this
case the resource is model structure. (Kivva et al., 2022)
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2.4. Intervention and Causal-Mechanism Anchors

Causal representation learning strengthens the target of identification. The goal is not only
to recover statistically meaningful factors, but to learn latent variables that support interventions,
mechanism modeling, graph recovery, counterfactual reasoning, and transfer. This is harder than
ordinary nonlinear ICA because representation learning and causal discovery are combined: both the
hidden variables and their causal structure may be unknown. (Hyvirinen et al., 2024; Scholkopf et al.,
2021)

Known-target temporal intervention methods sit at the strong end of the supervision ladder.
CITRIS uses temporal sequences with observed intervention targets to identify scalar and multi-
dimensional causal factors. The intervention target label anchors the factor directly affected by an
action, while temporal ordering helps separate causal dynamics from instantaneous reparameterization
freedom. (Lippe et al., 2022)

A weaker setting uses paired observations before and after unknown interventions. Weakly
supervised causal representation learning shows that pre/post pairs can identify causal variables
and causal mechanisms under assumptions such as stochastic perfect interventions and sufficient
coverage, even without target labels. Here the anchor is relational and mechanistic: the pair says that
one mechanism has changed while other aspects of the system are preserved. (Brehmer et al., 2022;
Locatello et al., 2020)

A further step removes paired counterfactual views and uses multiple interventional environ-
ments with unknown targets. Nonparametric identifiability results show that, with sufficient envi-
ronments and genericity assumptions, latent causal variables and their graph can be recovered up
to unavoidable ambiguities. Recent work on general environments pushes this direction further by
seeking less restrictive environment changes under nonparametric mixing. (Jiang & Aragam, 2023; Ng
et al., 2025; von Kiigelgen et al., 2023)

Causal Component Analysis occupies an intermediate point between nonlinear ICA and full
causal representation learning. It assumes the latent causal graph is known and studies recovery of the
unmixing function and causal mechanisms from interventional datasets. This separates coordinate
recovery from graph discovery; impossibility results under known graphs transfer to harder CRL
settings, while possibility results provide stepping stones. (Liang et al., 2023)

Other work studies Gaussian or linear causal structure under arbitrary nonlinear mixing. Un-
known single-node interventions can identify linear causal representations and latent causal structure
by exploiting the geometry of latent precision changes after nonlinear density transformation. This
bridges classical SEM thinking and modern deep representation learning: the observation map may be
highly nonlinear, while the intervention family reveals a linear causal representation in latent space.
(Buchholz et al., 2023)

Mechanistic anchors can also be evaluated by downstream causal semantics. Intervention ex-
trapolation shows that affine identifiability of a latent representation can be sufficient when the goal
is predicting unseen interventions on actions. Counterfactual identifiability of bijective causal mod-
els similarly shifts the target from unique coordinate recovery to equivalence classes sufficient for
counterfactual queries. (Nasr-Esfahany et al., 2023; Saengkyongam et al., 2024)

Overall, interventional anchors differ from ordinary distributional anchors because they often
identify modular mechanisms rather than only latent coordinates. Their residual ambiguity should
be judged relative to causal tasks such as graph recovery, intervention prediction, and counterfactual
estimation.

2.5. Relational, Grouping, Contrastive, Multi-View, and Semantic Anchors

A fifth route uses relations among observations. Multi-view, grouping, contrastive, augmentation-
based, supervised, and concept-based methods all exploit the fact that samples can be organized by
what they share and what they change. The anchor is therefore relational: it specifies an invariance,
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difference, overlap, or semantic alignment across observations. (Locatello et al., 2020; von Kiigelgen
etal.,, 2021; Zimmermann et al., 2021)

Weakly supervised disentanglement illustrates this idea in a minimal form. Observations may
be paired so that some factors change while others remain fixed, and even coarse knowledge about
the number of changed factors can reduce the set of admissible latent transformations. This is closely
related to paired interventions in causal representation learning, but it can be studied even when the
causal graph is trivial or absent. (Brehmer et al., 2022; Locatello et al., 2020)

Contrastive learning provides a broader relational mechanism. Positive pairs specify information
that should be shared; negative pairs specify information that should be separated. Identifiability re-
sults for contrastive and multimodal contrastive learning show that objectives in this family can recover
latent factors or shared multimodal blocks under suitable assumptions. CEBRA is an application-facing
example in neuroscience: behavioral variables, time, or hybrid labels define positive and negative
samples so that neural embeddings become consistent and behaviorally informative. (Daunhawer
et al., 2023; Schneider et al., 2023; Zimmermann et al., 2021)

Data augmentation supplies an invariance anchor. In augmentation-based self-supervised learn-
ing, two views are modeled as sharing content while style may change, and the invariant content
partition can be identified even when latent variables are statistically or causally dependent. This
result is important because it weakens the assumption that useful disentanglement always requires
mutually independent factors. (von Kiigelgen et al., 2021)

Grouping assumptions offer an observation-space relational anchor. If observed variables are
known to be grouped by sensor, modality, location, time point, or measurement design, that grouping
can restrict how latent causal variables generate observations. Recent CRL results show that suitable
grouping can make causal representations identifiable without temporal structure, interventions, or
weak supervision. This is especially relevant for scientific settings where measurement design is often
known even when interventions are unavailable. (Morioka & Hyvérinen, 2024)

Supervised labels and concept labels are semantic anchors. Cross-entropy classification can
recover ground-truth factors up to a linear transformation under a cluster-centric data-generating
process, while concept-based models such as GlanceNets define interpretability as alignment between
learned concepts and a partially interpretable data-generating process, with attention to concept
leakage. These examples broaden the anchor lens beyond unsupervised representation learning: labels
can be anchors, but their residual ambiguity and leakage risks must be analyzed. (Marconato et al.,
2022; Reizinger et al., 2025)

Relational anchors are often weaker than clean auxiliary-variable anchors, but they are flexible
and realistic. They can identify shared factors, invariant content, blocks, concept slots, or task-aligned
subspaces rather than all latent coordinates. Anchor theory therefore treats relational structure as a
first-class source of identifiability, not as an informal heuristic.

2.6. Environment, Invariance, and Query-Oriented Anchors

Environment and domain variation provide another major anchor family. Data are often not i.i.d.
samples from one fixed distribution; they are collected across regimes, domains, tasks, interventions,
nonstationary phases, or policy-induced distributions. An environment becomes an anchor only when
its variation constrains latent reparameterizations by revealing what is stable, what changes, and
which mechanisms are responsible for those changes. (Song et al., 2023; von Kiigelgen et al., 2023; Yao
etal., 2022)

Nonstationary temporal representation learning is the clearest example. History can serve as
side information, but nonstationarity adds another source of variation. TDRL exploits fixed causal
dynamics and distribution shifts to recover nonparametric latent temporal processes, while unknown-
nonstationarity methods infer hidden domain or phase indices and use them as latent anchors. Sparse-
transition work further shows that sufficiently distinct transition clusters can reveal distribution shifts
without directly observing domain variables or assuming a simple Markov prior over them. (Song
et al., 2024, 2023; Yao et al., 2022)
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Environment anchors also appear in causal representation learning. Unknown interventional
environments, general environments, and mechanism-change assumptions all attempt to extract latent
causal variables from families of distributions rather than from one distribution. The anchor is the
pattern of variation across environments, not merely the environment label itself. (Jiang & Aragam,
2023; Ng et al., 2025; von Kiigelgen et al., 2023)

Downstream tasks can define what kind of identifiability is sufficient. Intervention extrapolation,
counterfactual estimation, robust reinforcement learning, and concept-based prediction may not
require exact component recovery. They require a representation whose residual ambiguity preserves
the relevant query. This suggests a query-oriented version of anchor theory: the accepted stabilizer
should be judged by whether it preserves the causal, predictive, or interpretive quantity of interest.
(Dunion et al., 2023; Marconato et al., 2022; Nasr-Esfahany et al., 2023; Saengkyongam et al., 2024)

This route connects the taxonomy to the open problems. Environment variation can be powerful
but hard to diagnose. Latent anchors can be learned but may introduce new nonidentifiabilities.
Downstream tasks can tolerate weaker ambiguities, but only if the equivalence class preserves the
query. These qualifications motivate the later sections on anchor strength, coverage, composition,
robustness, and usable identifiability.

2.7. Cross-Route Comparison and Transition

Across these routes, the same technical motif reappears: add enough structure so that latent
transformations preserving the observational law must also preserve a richer conditional, temporal,
geometric, relational, causal, or environmental object. The routes therefore differ less in purpose than
in where the extra structure lives. Observed-auxiliary approaches place it in conditional latent distri-
butions; process approaches place it in temporal, spatial, hidden-state, or nonstationary organization;
sparse and geometric approaches place it in the decoder, prior family, function class, or Jacobian struc-
ture; causal approaches place it in interventions and mechanism changes; relational approaches place
it in paired, grouped, contrastive, multimodal, or semantic relations among observations; environment
approaches place it in cross-distribution patterns of stability and change. (Hélvi et al., 2021; Hyvérinen
etal., 2019; Lippe et al., 2022; Morioka & Hyvérinen, 2024; von Kiigelgen et al., 2023; Zheng et al., 2022)

This comparison clarifies why no single route should be treated as the canonical solution to
identifiability. Observed side information is mathematically transparent, but requires informative and
correctly specified variables. Process anchors are natural for time series and spatial data, but depend on
correctly modeled dependence. Decoder and function-class anchors reduce the need for supervision,
but can be brittle when structural assumptions fail. Interventional anchors are semantically strong, but
often demand data that are expensive or impossible to obtain. Relational and grouping anchors are
flexible, but may identify only shared factors, blocks, or subspaces. Environment anchors are broad,
but their sufficient-change assumptions are difficult to diagnose empirically. (Daunhawer et al., 2023;
Kivva et al., 2022; Lachapelle et al., 2024; Locatello et al., 2019; Song et al., 2024)

Taken together, these routes show that identifiable representation learning has moved beyond a
single template. The main lesson is not that the field has discovered unrelated tricks, but that it has
repeatedly found resources that shrink latent reparameterization classes in systematically different
ways. The next sections abstract from these routes to their shared mechanism: each turns a passive
modeling assumption into an active anchor by breaking latent reparameterization freedom.

3. Observational Equivalence and Generalized Anchors

Let © denote a latent-variable model class. A parameter 6 € ® may include a decoder or mixing
map, a latent law, a transition law, an intervention family, a structural causal mechanism, a sparsity
pattern, a grouping map, or nuisance parameters such as observation noise. The baseline object learned
from unanchored observations is the observed marginal distribution. We write this as an observation
operator

Dy : 0 — Do, CD()(@) = Pg(X).
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Two parameters are observationally equivalent without anchors when
0~ 0 = Do) =Do(0).
The baseline observational equivalence class is
[6]o = {6" € @ : @y(8') = Po(6)}.

Identifiability fails when this class contains nontrivially different latent coordinate systems.
This equivalence class is large in nonlinear latent-variable models. If X = f(Z) and h: Z — Z'is
an admissible invertible latent transformation, define

Z="nZ), f=foh L
Then _
f(Z)=(foh ) (n(Z)) = f(2) = X.

Thus (f, Pz) and (f, hPz) induce the same law of X, where hyP; denotes the pushforward of P,
under h. This is the basic latent reparameterization symmetry behind nonlinear ICA and unsupervised
disentanglement impossibility results. (Hyvarinen & Pajunen, 1999; Locatello et al., 2019)

Definition 1 (generalized anchor).

A generalized anchor is an additional object A that induces an augmented observation or con-
straint operator
Dy ®—D A-

The anchor may be an observed auxiliary variable, a conditional distribution, a time or space index,
a transition law, a hidden regime structure, an intervention family, a grouping map, a multi-view
relation, a contrastive sampling rule, a sparsity pattern, an additive decoder, a semantic label, or a
downstream query. The anchor-induced equivalence relation is

GNA 9/ < CDA(Q)ICDA(QI),

with equivalence class
014 = {0' € ©: D4(0) = DA(0)}.

The anchor is informative at  when [6] 4 is a strict refinement of [0]o.

Definition 2 (valid, effective, and identifying anchor).

Let @y : © — Dy denote the baseline observation operator. An anchor A with operator
Dy:0 — Dy
is valid relative to @ if there exists a forgetting map
T Dy — Dy

such that
(1)0 = Tlp © q)A-

It is effective at 6 if its anchored equivalence class is a proper refinement of the baseline equivalence
class,
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It is identifying up to a target ambiguity class T if every anchor-compatible alternative belongs to the
T-orbit of 6.
For purely structural or decoder-level anchors, the anchor operator may be written as a product
operator
P4(0) = (Po(6),Ca(0)),

where Cy4 records the structural certificate, such as a sparsity pattern, grouping map, decoder algebra,
Jacobian support, intervention family, augmentation relation, semantic partition, or objective-induced
invariance. In this case the forgetting map is projection onto the first coordinate. Thus a structural
anchor is valid not because the structure alone determines the observed distribution, but because
the anchored object combines the observed distribution with an additional constraint that refines the
baseline equivalence class.

Lemma 1 (equivalence refinement).
If &y = 714 0 Dy, then
[0]4 < [Blo

Proof. 1f 0" € [0] 4, then ®4(0") = ®4(0). Applying 74 to both sides gives
a(®Pa(0) = wa(Pa(0)).

Since @) = 114 0 P4, this implies
hence 6’ € [6]o. Therefore

O

Proposition 1 (constraint anchors as product refinements).

Let C4 : ® — C4 be a structural, relational, semantic, mechanistic, or objective-induced certificate.
Define

PA(0) = (Po(6),Cal0)).
Then A is valid relative to ®;, and
64 = [0l N {6 € ©: Ca(E) = Ca6)).

Consequently, A is effective at 6§ exactly when the certificate removes at least one baseline-
observationally equivalent alternative.
Proof. The forgetting map is the projection

ma(do, c) = do.

Therefore
mta(Pa(0)) = Po(0),

so A is valid. Moreover, ' € [0] 4 holds if and only if
®o(0') = Po(0) and  Ca(8') = Cal(0).

This gives the stated intersection representation. The final claim follows from whether the intersection
is strict. [

This proposition is important because it prevents the theory from reducing every assumption to
an informal anchor. A structural assumption becomes an anchor only when it can be represented as a
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certificate that refines the baseline observational equivalence class. If a regularizer has no associated
operator, no certificate, and no stabilizer reduction, it remains an inductive bias rather than a rigorous
anchor.

4. Anchor-Stabilizer Theory

The previous section defined anchors as refinements of observational equivalence. We now
express the same idea through group actions. Let Gy be a baseline latent reparameterization group
acting on . In a noiseless nonlinear ICA model X = f(Z), an element ¢ € Gy may be represented by
an invertible transformation h : Z — Z acting as

I (f,Pz) = (foh™, hyPz).

By construction,
Do(h - (f, Pz)) = Po(f, Pz).

More generally, Gy denotes transformations that preserve the baseline observed object.
Identifiability is never absolute. It is always relative to an accepted residual ambiguity. Let

T C Gy

denote the target ambiguity class. In linear ICA, T may contain permutations, scalings, and sign flips.
In nonlinear ICA, a common target is permutation and component-wise invertible transformations,

d
Teomp = 4 X | | Diff(Z;).
=1

In causal or task-oriented representation learning, T may be graph-preserving, mechanism-preserving,
content-preserving, or query-preserving.

Definition 3 (anchor stabilizer).

Given a baseline symmetry group Gy and an anchor A with augmented operator ® 4, the stabilizer

of Aatfis

GA(G) = {g € Gq: @A(g : 9) = q)A(G)}
Thus G4 () is the set of latent transformations that survive after the anchor has been imposed. It is the
residual ambiguity left by A.

The three relevant objects are therefore as follows. The group Gy denotes the symmetries pre-
serving the baseline observations. The stabilizer G4 (6) denotes the symmetries preserving both the
baseline observations and the anchor. The class T denotes the symmetries regarded as acceptable
residual ambiguity. An anchor is informative when

Ga(8) < Go,
and identifying when its stabilizer is contained in the accepted ambiguity class, modulo isotropy.

Definition 4 (isotropy group).
The isotropy group of 8 is
Iso(f) ={g€Gy:g-0 =0}

It captures parameter redundancies that act trivially on 6. Such redundancies are common in overpa-
rameterized neural latent-variable models.
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Theorem 1 (anchor—stabilizer identifiability, modulo isotropy).

Let Gy be a baseline latent reparameterization group acting on ©, and suppose the baseline
observational alternatives to 6 inside the model class are contained in the orbit Gy - 0. Let

Ga(0) ={g€Gy:Pa(g-0) =Da(6)}

be the stabilizer of anchor A. Let T C Gy be the accepted target ambiguity class. Then the anchored
model is identifiable up to T at 6 if and only if

G4(0) C T Iso(6).
If the action is free at 0, or if Iso(#) C T, the condition reduces to
Ga(0) CT.

Proof. Identifiability up to T means that for every ¢ € G4(0), the anchored alternative g - 6 lies in
the trivial orbit T - 6. Hence there exists t € T such that

g-0=t-0.
Equivalently,

t7lg-0 =0,
sot~1g € Iso(f), and therefore

g € T Iso(6).

This proves
Ga(0) C T Iso(6).

Conversely, if ¢ € T Iso(8), then g = ts for some t € T and s € Iso(#). Thus
g-0=ts-0=t-6,

so the alternative is trivial up to T. [J

This theorem is the formal statement behind the phrase “anchors break symmetries.” A positive
identifiability theorem proves that a specific anchor has a small stabilizer. Different literatures choose
different anchors, but their mathematical form is the same.

5. Anchor Strength, Composition, and Robustness
Definition 5 (anchor strength preorder).

For two anchors A and B, say that A is at least as strong as B at 6, written
A tQ B/
if
Ga(8) < Gg(6)-
Say that A and B are stabilizer-equivalent at 6, written

AEQB,

if
Ga(0) = Gg(0).
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Say that A strictly dominates B at 6 if
Ga(0) S Ga(0).

Proposition 2 (strength order and equivalence refinement).

If A =¢ B, then every ambiguity that survives A also survives B. If A strictly dominates B, then A
removes at least one nontrivial latent reparameterization that B fails to remove.
Proof. The statement follows directly from the stabilizer inclusion

Ga(8) € Gp(h).

O

Many practical settings contain several imperfect anchors: weak domain labels, partial temporal
structure, approximate sparsity, noisy intervention information, incomplete views, or coarse grouping.
The stabilizer formalism gives an exact rule for combining them.

Definition 6 (composite anchor).

Given anchors Ay, ..., Ay, define their composite anchor by
At = A1 D+ D Ap

with augmented operator
Dy, (0) = (Pa,(0),...,Pa,(0)).

Theorem 2 (stabilizer intersection).

The stabilizer of a composite anchor is

G () = (] Ga (6).
r=1

Consequently, the model is identifiable up to T under the composite anchor whenever
m
() Ga,(0) € T Iso(6).
r=1

Proof. A transformation g € G lies in G4, (0) if and only if
DA, (8-0) = Pay, (6).
By definition of ® 4, this is equivalent to
Dy (g:-0) =Py, (0) foreveryr.

Thus
g€ Gy, (0) foreveryr,

which is equivalent to

ge ﬁ GAY(9)~

r=1

The identifiability statement follows from Theorem 1. [
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Definition 7 (anchor synergy, redundancy, and incompatibility).

Anchors Ay, ..., Ay are synergistic for target ambiguity T at 6 if no single anchor is identifying
up to T, but their composite anchor is identifying:

Ga,(0) € T Iso(8) foreveryr,

while .
[ Ga,(6) C T Iso(6).
r=1

They are redundant at 6 if their stabilizers are equal or nested. They are incompatible if their joint
constraint excludes the true data-generating parameter from the anchored model class.

This definition explains why identifiability can arise from combinations of individually weak
assumptions. A distributional anchor may remove transformations invisible to a sparsity anchor,
while the sparsity anchor may remove transformations invisible to the distributional anchor. Their
intersection may therefore fall inside the accepted ambiguity class even though neither stabilizer does
so alone. (Li et al., 2025; Zheng et al., 2022; Zheng & Zhang, 2023)

The composition rule also separates three common empirical situations. Complementarity means
that two anchors remove different symmetry directions. Redundancy means that two anchors have the
same stabilizer, or one stabilizer is contained in the other. Incompatibility means that the true generative
process is not contained in the model class satisfying both anchors. Without these distinctions, the
field risks accumulating isolated sufficient conditions rather than developing a calculus of anchor
composition.

5.1. Local Anchor Rank

The preceding results are global. To describe anchor strength locally, suppose Gy is a Lie group
with Lie algebra go. Let
po : 8o — Te®

be the infinitesimal action,

d
pol@) = | expl) -0

The differential of the anchor operator is
DCDA(O) : T@@ — T¢A(9)DA-

Definition 8 (infinitesimal anchor stabilizer).

The infinitesimal stabilizer of anchor A is

94(0) = {G € go: DP4(0)pe(E) = 0}.
It contains the infinitesimal latent transformations that the anchor cannot detect.

Definition 9 (local anchor rank).

The local rank of anchor A at 6 is
r4(0) = rank(D®4 () o pg).

Equivalently,
ra(0) = dimgy — dimga(6).

Thus r 4 measures how many infinitesimal symmetry directions are removed by the anchor.
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Theorem 3 (local anchor identifiability).
Let t be the Lie algebra of the accepted residual group T. If

ga(0) Ct,

then the model is locally identifiable up to T at 6.
Proof. A local non-identifiability direction is an infinitesimal symmetry ¢ € go such that the path

exp(tZ) -0

leaves the anchored object unchanged to first order:

d
7 t:()(DA (exp(tg) -0) = 0.

By the chain rule this is
DD 4(0)po(¢) =0,

so¢ €ga(f). If
ga(0) € t,

then every undetected local direction is trivial. Therefore the model is locally identifiable up to T. [J

5.2. Robust Margins and Approximate Identifiability

Exact stabilizer inclusion is an asymptotic population-level condition. In practice, anchors may be
noisy, partial, weak, estimated from finite data, or misspecified. A robust version can be stated using
an anchor discrepancy d4 on D 4. Define the anchor violation of a transformation g € G as

Aa(8:0) =da(Palg-0),Pa(0)).

For 6 > 0, define the anchor margin outside T by

8;0) = inf Ap(g:0).
'YA( ) gEGO:dlig(g,T)Zé A(g )

Theorem 4 (robust anchor recovery).

Suppose an empirical anchored object ® 4 satisfies
dA(éA,q)A(G)) <e.

If
2e < v4(8;0),

then no empirical solution of the form g - 6 with
dist(g,T) > o

can match the anchored data within error €. Hence all such empirical solutions must lie within ¢ of the
accepted ambiguity class T.
Proof. Assume, for contradiction, that there exists g € Gy with

dist(g,T) > o

and
dA(ql‘A(g- 9),CDA) <e.
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By the triangle inequality,
dp(Pa(g-6),Pa(0))

< dA(CDA(g : 9%@1)

+ dA@’A,CDA(G))
< 2e.

But by definition of y4(6; ), every such ¢ must satisfy

dp(®a(g-0),Pa(0)) > va(6;90).

Thus 74 (6;0) < 2€, contradicting the assumption. [J

A useful diagnostic reading of the margin is that finite-sample or noisy estimates of the anchored
object can exclude nontrivial symmetries only when the population anchor separates them by a
positive amount. Anchor strength asks how much of Gy is removed, locally measured by the rank of
D® 4(6) o pp. Anchor coverage asks which latent components are constrained. Anchor observability
asks whether the anchor is measured, inferred, or assumed. Anchor reliability asks whether it is noisy
or misspecified. These quantities are not yet standardized, but they are needed if anchor theory is to
become a practical framework rather than only a vocabulary.

5.3. Query-Preserving Identifiability

For causal and task-oriented representation learning, the target is often not full latent recovery
but preservation of a query. Let
g:0 — Q

be a target query, such as a causal graph, an intervention distribution, a counterfactual functional, a
mechanism class, or a downstream prediction functional.

Definition 10 (query-preserving identifiability).

The query-preserving ambiguity class at 0 is
T3(0) = {g € Go : q(g-0) = q(6)}-
An anchor A identifies the query g at 0 if
Ga(0) C T,;(0)Iso(6).

This definition separates full latent identifiability from query identifiability. A representation
may fail to identify all latent coordinates while still identifying the graph, intervention distribution,
counterfactual, content variable, or downstream scientific quantity of interest. (Dunion et al., 2023;
Nasr-Esfahany et al., 2023; Saengkyongam et al., 2024)

6. Existing Results as Anchor-Stabilizer Instances

The anchor-stabilizer formalism is useful only if it recovers existing positive identifiability results.
The following principle states how this works.

Theorem 5 (anchor representation principle).

Suppose an identifiability theorem has the form

D4(0) =DPa(0)) = O €T-0,

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202606.0188.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 3 June 2026 d0i:10.20944/preprints202606.0188.v1

16 of 24

where @4 is an augmented object used by the theorem, and suppose that &y = 74 o P4 for some
forgetting map 714. Then the theorem can be written as the anchor-stabilizer statement

Ga(0) C T Iso(6).

Proof. If g € G4(0), then
Dy(g-0) =Da(0).

Applying the assumed identifiability theorem with 6’ = ¢ - 0 yields

g-0eT-0.
By Theorem 1, this is equivalent to
g € T Iso(6).
Thus
G4(0) C T Iso(6).
O

Auxiliary-variable nonlinear ICA and iVAE.

Auxiliary-variable nonlinear ICA and iVAE provide the cleanest observed-anchor case. The
anchor is an observed variable U, such as a time indeXx, history, label, or other side information:

A=U,  Du(0) =P(X|U).
The forgetting map marginalizes over U:
Tu(P(X | U)) = /p(x | U = u)dP(u).

The sufficient variation of the conditional latent law restricts the transformations that preserve P(X | U),
shrinking the stabilizer from arbitrary nonlinear reparameterizations to a much smaller ambiguity
class. In iVAE, the conditional factorized exponential-family prior supplies precisely this anchor. In
anchor language,

Gu(0) € Ta,

where T4 is the residual ambiguity class allowed by the iVAE identifiability theorem, and under
stronger assumptions this can reduce to block-permutation or component-wise ambiguity. (Hyvarinen
et al., 2019; Khemakhem, Kingma, et al., 2020; Khemakhem, Monti, et al., 2020; Sorrenson et al., 2020)

Structured nonlinear ICA.

For structured nonlinear ICA, the anchor is not necessarily an observed auxiliary variable but the
structured joint law of a process indexed by time, space, or another structured set:

A = process structure,

Da0) = {Pg(th,...,Xtm) ) }

Temporal dependence, spatial structure, nonstationarity, hidden regimes, and noise structure constrain
which latent transformations preserve the joint process law. In stabilizer terms,

Gsnica (0) € Tianslation © Tcomp,
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and after centering or ignoring unavoidable noise translation,

Gsnica (9) € Teomp-

Thus process structure functions as an anchor even when no clean observed side variable is supplied.
(Hélva & Hyvérinen, 2020; Hélva et al., 2021; Song et al., 2024, 2023; Yao et al., 2022)

Sparse decoding and structural sparsity.

Sparse decoding and structural sparsity move the anchor into the decoder. For sparse decoding,
the anchor may be an observation—factor dependency graph with pure or anchor features:

q)feat(9> = HX,Z (9)

For structural sparsity, the anchor may be the Jacobian support of the mixing function:

q)sparse (0) = supp (]fg )-

The stabilizer is
Gsparse(0) = {h € Go : supp J ;1 = supp J}.
Since

Jpoir (2) = (1 (2)) i (2),

a generic dense transformation /1 destroys sparsity. Under appropriate graph or sparsity assump-
tions, only permutation, component-wise, block-wise, or otherwise restricted transformations remain.
(Moran et al., 2022; Zheng et al., 2022; Zheng & Zhang, 2023)

Geometric and decoder-algebra anchors.

Function-class restrictions such as conformality, orthogonality, additive decoders, mixture priors
with piecewise-affine decoders, and interaction-asymmetry constraints also act as structural anchors.
Their common form is a certificate

Ca(0) = decoder geometry or algebra,

so that
D4 (0) = (Po(6),Cal0)).

The stabilizer contains transformations that preserve the specified decoder geometry or algebra. When
the certificate is sufficiently rigid, the residual ambiguity reduces to affine, block, component-wise, or
compositional transformations. (Brady et al., 2025; Buchholz et al., 2022; Kivva et al., 2022; Lachapelle
etal., 2023)

Intervention and causal-mechanism anchors.

For intervention-based causal representation learning, the anchor is an environment or interven-
tion family:
Pint(6) = {P5(X) feek-

The stabilizer contains transformations preserving the pattern of mechanism changes:

Gint(0) = {g € Go - {Pg.o(X) }ece = {Py(X) }ecE}-

If a transformation mixes intervened and non-intervened factors in a way that destroys modularity, it
is removed. Depending on the assumptions, the residual group may preserve causal variables, causal
graphs, mechanisms, or only a class of causal queries. (Brehmer et al., 2022; Buchholz et al., 2023; Jiang
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& Aragam, 2023; Lachapelle et al., 2024; Liang et al., 2023; Lippe et al., 2022; Locatello et al., 2020; Ng
et al., 2025; von Kiigelgen et al., 2023)

Grouping, multi-view, contrastive, augmentation, and semantic anchors.

Relational anchors specify what is shared, changed, grouped, invariant, or semantically aligned
across observations. Pairing and contrastive sampling may define

P(0) = Po(X,XT),

grouping may define
qDA (9) = HX 7

augmentation may define a content-invariant view law, and supervision may define
a(0) = Py(Y [ X) or PBy(X[Y).

These anchors often do not identify all latent coordinates. Instead, their stabilizers preserve shared
factors, content variables, observed groups, class partitions, semantic concepts, or query-relevant
subspaces. (Daunhawer et al., 2023; Locatello et al., 2020; Marconato et al., 2022; Morioka & Hyvérinen,
2024; Reizinger et al., 2025; Schneider et al., 2023; von Kiigelgen et al., 2021; Zimmermann et al., 2021)

Table 1. Anchor families as constraint refinements of the baseline observational equivalence class.

Anchor family Anchored object Stabilizer condition Typical residual class

Auxiliary variable conditional law preserves modulation by U component-wise / linear

Process structure structured joint law preserves temporal or spatial dependence component-wise + translation

Sparse decoder Jacobian support or decoder ~ preserves sparsity certificate component-wise / block
graph

Sparse features feature—factor graph preserves pure-feature structure permutation / scaling

Geometric decoder metric or differential preserves decoder geometry affine / orthogonal /
structure component-wise

Interventions environment family preserves mechanism changes causal / graph-preserving

Grouping observed partition preserves group constraints block / causal

Contrastive pairs pair relation preserves shared-vs-changing factors content / shared subspace

Augmentations invariant view law preserves content invariance content-preserving

Labels class-conditional structure preserves semantic partition linear / semantic

Queries target functional preserves q(6) query-preserving

7. Residual Ambiguity and Soft Anchors
7.1. A Residual-Ambiguity Ladder

The stabilizer view implies that identifiability should always be reported with its residual ambi-
guity. A useful ladder is
Tperm - Tcomp C Thiock & Tsubspace € Go.

If
GA(G) C Tcompr

we have component-wise identifiability. If
GA(9> C Thlocks

we have block identifiability. If
Ga (9) < Tsubspace/

we have subspace or partition recovery. For causal or task-oriented applications, the relevant target
may be a query-preserving class:

T;(0) = {g € Go:q(g-6)=q(6)}.
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If
GA(6) € Ty(6) Iso(0),

then the representation is identifiable for the query even if it is not component-wise identifiable.
This ladder prevents identifiability from being treated as a binary property. Different anchors
break different symmetries and leave different residual groups. A mature theory should therefore
state not only whether a representation is identifiable, but also whether the remaining ambiguity is
permutation, component-wise transformation, affine map, block transformation, subspace rotation,
graph-preserving map, content-style decomposition, or query-preserving equivalence.

7.2. Soft Anchors and Strict Distinctness

Not every symmetry-breaking resource delivers full identifiability. Some anchors are soft: they
bias the learning procedure against collapse, redundancy, or branch homogeneity without eliminat-
ing all nontrivial latent reparameterizations at the population level. Structured latent architectures
are examples of such soft anchors. They can break exact permutation symmetry among branches,
encourage different dimensions to serve different roles, and create pressure toward non-redundant
representations, but they should not be claimed to yield full identifiability without additional rigidity
assumptions.

Let

Z=gp(X)=(Z1,..., Zy),

and suppose each branch Z; is associated with a structural parameter «;, such as a kernel parameter,
transition parameter, mixture parameter, prior family parameter, or branch-specific decoder parameter.
Let A denote the structural-parameter space, and let

dA AXxA— Rzo
be a distance or discrepancy on that space.

Definition 11 ((v, €, 7, §)-strictly distinct representation).

A representation Z = (Z1,...,2Zy) is (v, €,1,6)-strictly distinct if it satisfies the following condi-

tions:
Var(Z;) > v forallj,
Dep(Z;,Z;) <e foralli# j,
I(X;Z;|Z_j) =2y forallj,
and

dy(aj,aj) > 6 foralli # j.

Here Dep may be covariance, mutual information, HSIC, distance correlation, or another dependence
measure.

These conditions rule out collapsed, redundant, and structurally homogeneous branches. They
do not by themselves imply full identifiability, because a representation can be non-collapsed and
non-redundant without recovering the true latent factors. Strict distinctness is therefore weaker than
identifiability but stronger than ordinary anti-collapse.

The hierarchy is

anti-collapse < strict distinctness

< disentanglement

< identifiability.
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A soft structural anchor may justify the implication

Ga(0) € Gistinctr

where Ggjgtinct denotes transformations preserving strict distinctness. If an additional rigidity condition
implies
Gdistinct C Thlocks

then strict distinctness can be upgraded to block-level identifiability. If a stronger rigidity condition
implies
Gaistinct & T,

then it can be upgraded to full identifiability up to T.
A training objective for this purpose may combine reconstruction, source-wise prior matching,
anti-collapse, redundancy reduction, branch usage, and structural separation:

L= Acrec + [fprior + )\vaerar + )‘dedeep + )\infoRinfo
+ /\sepRsep-

The variance term prevents collapse, the dependence term reduces redundancy, the information
term encourages each branch to contribute unique information, and the separation term discourages
structurally identical branches. Such a construction should be presented as a soft-anchor route to strict
distinctness, not as an automatic proof of full identifiability. (D’Amour et al., 2022; Locatello et al.,
2019)

8. Conclusion

Identifiable representation learning is best understood as the study of how additional resources
break latent reparameterization symmetries. The observed marginal distribution usually leaves a large
equivalence class of latent explanations. Generalized anchors refine this equivalence class by requiring
the representation to preserve conditional, temporal, structural, mechanistic, relational, semantic,
objective-induced, decoder-level, or query-level objects beyond the marginal law.

Anchor-stabilizer theory gives this idea a formal structure. The residual ambiguity under an
anchor is the stabilizer

Ga(0) = {8 € Go: Pa(g-0) =Da(0)}.

Identifiability up to a target ambiguity class T is obtained when this stabilizer lies inside T, mod-
ulo isotropy. Composite anchors compose by stabilizer intersection, local anchor rank measures
infinitesimal symmetry breaking, robust anchor margins quantify approximate identifiability, and
query-preserving ambiguity classes distinguish full latent recovery from task-relevant recovery.

This framework unifies auxiliary-variable nonlinear ICA, identifiable VAESs, structured nonlinear
ICA, sparse and geometric decoders, intervention-based causal representation learning, grouping,
contrastive learning, augmentation invariance, supervised labels, and no-auxiliary approaches as
instances of the same symmetry-breaking template. Their differences are not superficial: each anchors
a different object, removes a different subset of latent transformations, and leaves a different residual
ambiguity.

The purpose of anchor theory is therefore not to claim that every assumption is an anchor. It is to
provide criteria for when a resource genuinely refines observational equivalence, how much symmetry
it removes, how it composes with other resources, and whether its residual ambiguity is acceptable
for the scientific or causal query at hand. In this sense, identifiable representation learning should
move from a list of isolated sufficient assumptions toward a comparative theory of anchor strength,
coverage, composition, robustness, and query-preserving identifiability.
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Several open directions follow naturally from this view. First, many practical anchors are weak
or partial: they may cover only some latent variables, mechanisms, blocks, views, or environments.
Future theory should therefore make anchor coverage explicit and characterize when partial anchors
yield component-wise, block-level, subspace-level, mechanism-level, or query-level identifiability.
(Lachapelle et al., 2024; Zheng & Zhang, 2023)

Second, anchors may be noisy or misspecified. Side information can be unreliable, intervention
labels can be incorrect, grouping assumptions can be approximate, and sparsity patterns can be
violated by weak cross-factor effects. A weak but valid anchor may still provide useful partial recovery,
whereas a strong but invalid anchor may stabilize the wrong representation. This distinction suggests
that anchor validity, anchor strength, and anchor robustness should be analyzed separately. (D’ Amour
et al., 2022; Hélva et al., 2021)

Third, many important anchors are latent rather than observed. Hidden regimes, unknown
interventions, latent environments, sparse transition clusters, and implicit groupings may need to
be inferred jointly with the representation. This creates a circularity: the anchor helps identify the
representation, but the representation may be needed to discover the anchor. Understanding when
such latent-anchor discovery is identifiable remains an important frontier. (Halva & Hyvarinen, 2020;
Song et al., 2024, 2023; von Kiigelgen et al., 2023)

Finally, identifiability in principle should be distinguished from recovery in practice. Most
theorems assume correct specification, infinite data, exact optimization, and valid anchors, while
deep representation learning is affected by finite samples, model misspecification, posterior collapse,
nonconvex optimization, and proxy evaluation metrics. (Locatello et al., 2019) A usable theory of
identifiability should therefore provide diagnostics for anchor validity, residual ambiguity, sensitivity to
misspecification, finite-sample reliability, and optimization failure. Anchor—stabilizer theory provides
the language for this agenda, but a complete theory will require quantitative tools for measuring how
observed, structural, relational, mechanistic, semantic, environmental, and query-defined resources
break latent symmetries in realistic settings.
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