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Abstract

A generative model is factored when each latent dimension
independently controls one factor of variation: changing
a single latent predictably changes one semantic attribute
while leaving the rest unchanged, enabling controllable gen-
eration, compositional generalization, and reproducible rep-
resentations. Existing approaches either constrain the latent
distribution, e.g., requiring it to shift with an auxiliary vari-
able, or regularize the model, e.g., sparsity, quantization, or
Hessian penalties, neither of which matches how modern
conditional generative models actually work: a conditioning
signal u reshapes the generator g(-,u) while the latent prior
stays fixed. We prove an identifiability theorem showing that
generating mechanism diversity, the natural variation that
arises when u sufficiently reshapes g, is sufficient for the
model to be provably factored, with no parametric assump-
tion on the latent distribution. To actively enforce this condi-
tion, we propose Mechanistic Contrastive Learning (MCL),
a model-agnostic contrastive objective over generator Ja-
cobians. Empirically, MCL achieves state-of-the-art latent
concept disentanglement on three benchmarks equipped with
a latent diffusion model, and improves prediction quality and
zero-shot cross-task transfer in latent action world models
with a 1.4B video generative model as the backbone.

1. Introduction

What makes a generative model factored? Intuitively, a
factored model has a latent space where each coordinate con-
trols one factor of variation: one latent for color, another for
shape, a third for viewpoint, and so on. Such representations
underpin controllable generation [50], compositional gener-
alization [37], and reproducible science [49]. Yet whether
the latent spaces of modern conditional generative models
are provably factored remains an open question.

Modern conditional generative models share a common
architecture: a conditioning signal u (text prompts, labels,
actions) modulates a generator g(-, u) mapping latents z to
observations x [38, 50, 53]. Prior identifiability theory [27]
only covers the opposite regime, requiring u to shift the

latent distribution p(z | u) while the generator stays fixed,
which is a regime we call Latent Representation Diversity,
LRD. However, modern generative models keep p(z) fixed
(typically Gaussian) and let u reshape the generator instead,
e.g., text-to-image diffusion models [67] inject text into the
denoising network, and world models [2] let actions mod-
ulate the visual dynamics. In this paper, we refer to this
regime as Generating Mechanism Diversity (GMD), and
our contributions are mainly threefold: (i) Theory. We
prove that sufficient GMD in g(-, u) guarantees a factored la-
tent space (Theorem 1), without parametric assumptions on
p(2); this strictly generalizes the classical LRD framework
(Proposition 1) and extends to self-supervised and multi-
view settings [55, 62]. (i) Method. We introduce M CL,
which contrasts generator mechanism gradients with con-
ditioning signals and uses shuffled conditions as negatives,
making mechanism diversity explicit. (iii) Empirics. We
validate the theory on synthetic data with known factors
and instantiate it in image concept disentanglement through
MD-VAE and MDDiff, respectively, where MCL improves
FactorVAE and DCI score across Cars3D, Shapes3D, and
MP I3D while preserving generation quality; we also formu-
late the temporal world-model setting, where actions play
the role of the conditioning mechanism. MCL generally
improves the world model quality, action-following, and
task-transferability. Notably, MCL is model-agnostic: the
same lightweight head plugs into a VAE, diffusion model,
or a 1.4B-parameter pretrained video generative backbone,
so it does not trade off the scalability of large-scale genera-
tive models. Instead, scalable generative models require not
only more pooled data, but also factored structure that sup-
ports controllable generation, causal consistency, and related
capabilities.

2. Background and Related Work

From Nonlinear ICA to Factored Generative Model.
Nonlinear ICA asks when a generative model x = ¢(z)
with independent latent factors z can be inverted to recover
those factors from observations alone, and identifiability the-
ory formalizes when such inversion is unique up to trivial
ambiguities. The two are central to factored generative mod-
eling because a model that fits p(x) but is not identifiable
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Figure 1. Factored generative models through mechanism diversity. Left: LRD varies p(z|u), Reg. constrains g, and
GMD (ours) varies g(-,u). Right: sufficient GMD links conditioning signals, identifiability guarantees, and the practical

benefits.

can place semantically meaningful structure on arbitrary,
non-reproducible directions of z [26]. This is the gap that
generative models face: fitting p(x) alone says nothing about
whether the latent code corresponds to disentangled factors
of variation. Resolving it has driven a decade of work, and
we organize the literature below and in Figure 2.

Three principles for factored representations. Existing
answers to nonlinear ICA and generative-model identifiabil-
ity largely follow these two routes: LLRD, which varies the
latent distribution sufficiently, and regularization, which
constrains the model’s degree of freedom. Beyond these,
we identify GMD as a third principle, varying the generator
itself through conditioning.

(1) Latent distribution diversity (LRD). The auxil-
iary u creates diversity in the latent distribution p(z | u)
while the generator g stays fixed. Hyvarinen and Morioka
[25] established this for temporal nonstationarity, Hyvari-
nen et al. [27] extended it to arbitrary auxiliaries within an
exponential family, and Khemakhem et al. [29] unified the
framework with VAEs by showing that the ELBO with an
auxiliary-conditioned prior recovers identifiable represen-
tations. Subsequent work removed the exponential-family
assumption via higher-order log-density derivatives [32, 63]
and extended LRD identifiability to multi-view [55], par-
tially observed [62], and additive noisy [17] settings. Apart
from theorems, several practical methods exploit LRD im-
plicitly: contrastive predictive coding leverages temporal
structure [40], and Zimmermann et al. [70] showed that it
can invert the data-generating process to yield identifiable
features. Reizinger et al. [46] proved that cross-entropy clas-
sification yields identifiable representations, and Reizinger
et al. [47] demonstrated that policy diversity produces iden-
tifiable state representations in reinforcement learning. The
shared technical formal condition underlying these results
is summarized below, and our GMD condition (Theorem 1)

replaces the requirement on the latent log-density g; with a
condition on the generator Jacobian.

27
For any z ¢ R%, there exist 2d, + 1 values
u® .. u®) such that the 2d. vectors w(z,ul)) —
w(z,ul®), j = 1,...,2d., are linearly independent,
2
where w(z,u) = (8%;(9?’“)’ 2 qé(zzgm) )j;l and q; is the

log-conditional density of z;.

(2) Regularization. Instead of requiring diversity in
the data, this family constrains the model architecture or
objective to favor factored solutions. Independence-based
methods penalize statistical dependence among latents: (-
VAE [21] upweights the KL term, while FactorVAE [30] and
B-TCVAE [5] directly minimize total correlation. Sparsity-
based methods constrain the generator: Lachapelle et al.
[33] penalize off-diagonal Jacobian entries (mechanism spar-
sity), Zheng et al. [68] prove identifiability under sparsity
on g without auxiliary variables, and Zhang et al. [66] as-
sume a causal graph among latents across distributions.
Compression-based methods restrict the latent bottleneck:
Tripod [22] combines finite scalar quantization, kernel-based
multiinformation minimization, and a normalized Hessian
penalty, showing that three complementary regularizers to-
gether achieve strong disentanglement in autoencoders. Lo-
catello et al. [37] showed that without such inductive biases,
unsupervi isentanglement is impgssible. .

&8 {,Iksﬁq %ours?. gj{at er than (ﬁvers&ymg the latent
distribution or constraining the model, GMD induces diver-
sity in the generator itself: a conditioning signal u (text
prompt, class label, control action) reshapes g(-, u) while
p(z) stays fixed, and sufficient variation across u suffices
for a factored latent space. Modern conditional generators
already operate in this regime (x = g(z,u) with z L u):
conditional GANs [38, 65], VAEs [20, 53], and diffusion
models [9, 41, 50] condition on text or class labels, while
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Figure 2. Three principles for factored models. LRD:
diversify the latent distribution. Regularization: constrain
the model. GMD (ours): diversify the generator. GMD D
LRD (Prop. 1).

action-conditioned video world models [2, 4, 16] condition
on actions. Existing identifiability theory targets only LRD
or regularization, leaving conditional generative models as
the missing principle of factored representations. We close
this gap with a sufficient GMD condition (Theorem 1) that
strictly subsumes LRD in representational capacity (Proposi-
tion 1), and extend it to two practical regimes: multi-view
generation (Proposition 3), where three or more conditioning
values play the role of distinct views, and self-supervised
temporal data (Proposition 2), where a historical latent serves
as u. We actively encourage this condition via MCL (Sec-
tion 4), rather than passively learning it as previous condi-
tional generative models.

3. When Is a Generative Model Factored?

In this section, we formalize the conditions under which a
conditional generative model is provably factored. The key
insight is that, when g(-, u) varies sufficiently across condi-
tioning signals, the model is factored, hence identifiable. We
develop this in three steps. We first clarify our motivation in
Section 3.1: GMD strictly contains LRD in representational
capacity, so the GMD regime is genuinely the larger family
worth analyzing. Building on this, Section 3.2 states the
sufficient GMD condition and the resulting identifiability
theorem. Section 3.3 then relaxes the two main restrictions
of the theorem, observed conditioning and pointwise invert-
ibility, to cover the self-supervised and multi-view settings
that contemporary generators operate in.

3.1. GMD and LRD Are Not Equivalent in Gener-
ating Data

Consider two data-generation families overu € U, z € Z,
x € X, with source noise € ~ Pg:

z = fr(u,€), x=gr(z),

LRD: u shifts p(z|u), g fixed

z = fa(e), x=gg(u,z).

GMD: u reshapes g, p(z) fixed

inducing conditional families PLrp = {L(gr(fL(u,€)) |

u) : € ~ Pg} and Pamp = {L(9¢(u, fe(€)) |u) : € ~
Pe}. We show that these two forms are not equivalent below.

Proposition 1 (GMD has strictly greater representation ca-
pacity than LRD). Let O gp C R, Ogup C R
be open parameter spaces with all mappings analytic in
their parameters, Pg Lebesgue, and suppose gc(u,+) con-
tains a conditioning direction not realisable by any LRD
shift. Then Prrp < Pawmp, and the LRD-realisable
subset @LRD-in-GMD = {9(;' = QL, ggG (u, gG (6)) =
gV (f0% (u,€)) Y(u,€)} has Lebesgue measure zero in
Oambp-

Equivalently, GMD strictly contains LRD as a generative
blueprint in data coverage, and almost all GMD parameter
configurations cannot be reproduced by any fixed-decoder
LRD model. The GMD region is the standard regime of
modern conditional generators: a fixed distribution prior
p(z) paired with a u-conditioned generator g(-, u).

3.2. Mechanism Diversity Guarantees Factored La-
tent Spaces

We first formalize what it means for a generative model to
have a factored latent space.

Definition 1 (Factored Generative Model). A model x =
g(z,u) is factored if for every observationally equivalent
model x = §(z,), there exist a permutation 7 and invert-
ible functions {hi}fgl such that Z; = hi(zx(i))-

Definition 1 is precisely the standard identifiability no-
tion of nonlinear ICA [27, 29], recast at the level of the full
generative model: a factored model is an identifiable model
whose latents are recovered up to permutation and compo-
nentwise transformations. Throughout the paper we use
factored and identifiable up to permutation—componentwise
interchangeably. Practically, this property produces disentan-
gled latents, enables controllable generation, generalization,
and yields reproducible representations across different train-
ing runs [49].

To formalize the GMD condition, let m}(z,u) :=
., log|Jy(z,u)| and mf;(z,u) = 02 log|Jy(z,u)| de-
note the first and diagonal-second derivatives of the log-
Jacobian, with analogous i, 1/, for the learned model.
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Stacking these derivatives gives the mechanism-derivative
vector

V(z,u) == (mh,...,ml_, mfy,...,mJ . ) € R*,

whose contrasts across distinct u drive the GMD condition
and identifiability theorem below.

For any z € R?, there exist 2d, + 1 values
u® ) such that the 2d., vectors V(z,u™) —
V(z,u®),n=1,...,2d., are linearly independent.

Let x = g(z,u) withz L u, and let (§, f) achieve obser-
vational equivalence. Under Assumption 2 and the tech-
nical condition span{(m},m})} Nspan{(m},m!)} =
{0}, there exist a permutation w and invertible functions
{hi}& | such that 2; = hi(2r(3)), i.e. the model is fac-
tored in the sense of Definition 1.

Assumption 2 in practice. Assumption 2 is a statement
about the auxiliary variable u: it asks that the conditioning
signal (a text prompt, action, viewpoint, or regime index)
reshape the generator’s mechanism in 2d, + 1 linearly in-
dependent ways. In practice, the auxiliary alphabet must
be diverse enough that distinct conditioning values produce
genuinely distinct generative mechanisms, a property that
modern conditional diffusion and temporal dynamics models
are already trained to satisfy.

Proof sketch. Because z | u, the latent log-density car-
ries no u-dependence, so all u-dependent derivative terms in
the change-of-variables identity must come from the genera-
tor. Change-of-variables relates the learned and true models
through hy = g5 ' o gu; taking mixed second derivatives
and subtracting across conditioning values cancels every
u-independent term, leaving a homogeneous system in the
off-diagonal entries of Jp,. The linearly independent con-
trasts of Assumption 2 then force each row of Jj,, to have at
most one nonzero entry, and invertibility upgrades this to a
permutation, yielding the componentwise structure.

3.3. Extensions to a Broader Class of Models

Theorem 1 as stated requires (i) an explicit conditioning sig-
nal u and (ii) pointwise invertibility of the generator g(-, u).
Both assumptions can fail in practice: in self-supervised set-
tings u may not be directly observed, and modern image- or
video-generators are typically not pointwise invertible (each
output discards information). We therefore extend the main
theorem along these two axes: Proposition 2 replaces the
observed u with a learned latent context, and Proposition 3

relaxes pointwise invertibility to distribution-level invertibil-
ity once enough conditioning values are available. Together,
these two informal extensions cover the regimes that contem-
porary GMD generators actually operate in: self-supervised
temporal data and many-view generation. Formal statements
are collected in Appendix B, and the proofs are given in
Appendix C.

Proposition 2 (Self-supervised GMD, temporal case; infor-
mal). When u is not directly observed, it can be replaced
by 7. (the estimated context representation at different time
steps). If the resulting model satisfies the conditions of Theo-
rem 1, identifiability holds with the same guarantees.

Proposition 3 (GMD as a multi-view generative model;
informal). If the number of distinct conditioning values sat-
isfies |[{u™}| > 3, Theorem I holds under distribution-level
invertibility between different u, without requiring pointwise
invertibility.

Proposition 2 extends our framework to temporal cases
(Figure 3a), which is justified by findings in the identifiable
temporal representation learning [25]. Proposition 3 admits a
clean multi-view reading (Figure 3b): each u(™ yields a dif-
ferent “view” x(") = g(z, u(™) of the shared latent z, and
three or more such views play the role of repeated measure-
ments in the nonparametric identification literature [12, 24].
Notably, the threshold of |[{u(™}| = 3 smoothly matches
classical 3D generation.

4. How to Actively Build Factored Generative
Models

When the conditioning signal lacks sufficient variation, a
generator in the GMD pattern may fail to diversify its mech-
anism across conditions, so Assumption 2 is not satisfied
even though the architecture is in the GMD regime. We first
describe two complementary instantiations of GMD, then
present MCL, a training objective that contrasts mechanism-
critic gradients across conditioning signals to enforce As-
sumption 2 explicitly.

4.1. GMD Instantiations

Static case: conditional generative models. For con-
trolled synthetic validation (Section 5.1) we construct a
Mechanism-Diverse VAE (MD-VAE): a conditional VAE
with encoder g4(z | x,u) and decoder pg(x | z,u), fixed
prior p(z) = N(0,I), trained by maximizing the conditional
ELBO

logp.g(x | 11) > ]Eqd,(z\x,u) [logpg(x | z, 11)]
—KL(Q¢(Z | X7u> ||p(Z>)7 (1)

denoted Lyp.vag- Maximizing it reshapes the decoder
g(+, u) with u at fixed prior, instantiating GMD by construc-
tion. In the spirit of latent diffusion [50], where a standard
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(c) Static: image generation
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Figure 3. Extensions and instantiations of GMD. (a) Self-supervised GMD: a past learned latent z,_; acts as u. (b) Multi-
view GMD: three or more conditioning values u(™ play the role of repeated measurements of a shared latent z. (c) Static
GMD: a text prompt u reshapes the denoiser. (d) Temporal GMD: an action a; reshapes the dynamics at the pixel level, in
contrast to the latent-state-level dynamics of traditional action-conditioned world models.

VAE encoder feeds a diffusion model in latent space, our
MDDiff (Section 5.2) plugs MCL into the same role and runs
u-conditioned diffusion on the resulting mechanism-diverse
latents.

Temporal case: state-space models.
signal is naturally provided by a history:

The conditioning

Xt = g(thH:tfh utfH:tfl) s

where u;_ g.;_1 can be actions in action-conditioned world
models [16, 18], learned latent states in the self-supervised
learning, e.g., time-series data, or any domain index. Suffi-
cient diversity across the temporal dynamics then factors the
latent state.

4.2. Mechanistic Contrastive Learning

Beyond a controlled instantiation tied to the variational
ELBO or traditional generative models, to make GMD us-
able across realistic conditional generators in an active way,
we now derive a model-agnostic training objective whose
minimizer drives the generator Jacobian 0,G(z, u) to vary
with u, which is precisely the linear-independence content
of Assumption 2.

MCL augments any differentiable conditional generator
G with three lightweight modules trained jointly with it:
a mechanism critic ¢, : X x Z x U — R that scores
how strongly the realized mechanism G(+, u) depends on z,
and two Ly-normalized projection heads II,, I, mapping
mechanism-gradient features and conditioning features into
a shared embedding space. For each in-batch sample (z;, u;)
we generate X; = G(z;, u;), score it with the critic, and read
off the mechanism gradient g; = V, cy(Xi,2;,1;), i.e. the
gradient of the critic through the realized generator. The
gradient and conditioning embeddings are then contrasted
with InfoNCE. The three stages are shown below.

ai = Iy (g:)
A L
%; = G(zi, ;) 1T (i)l
gi = in, cd,(fci,zi,ui) o Hu(ui)
C M (uy)|
1 5 exp(qlk;/7)
Lyvcr =—5 il =g
B > exp(alk; /7)

The full training loss is £ = Lyec +AMcoL LvcL, where Liee
is the host generator’s native reconstruction objective and
Amcr > 0 trades off reconstruction quality against mecha-
nism contrast. Intuitively, the InfoNCE optimum aligns each
mechanism gradient g; more strongly with the embedding
of its own u; than with any other u; in the batch, which is
precisely the linear-independence requirement of Assump-
tion 2.

Intuitively, the InfoNCE optimum aligns each mecha-
nism gradient g; more strongly with the embedding of
its own u; than with any other u; in the batch. Under
standard alignment-and-spread conditions on the projec-
tion heads [58] and a 2d, + 1 discriminative conditioning
support, minimizers of Lycr, provably satisfy the linear-
independence content of Assumption 2, hence drive the
model into the GMD regime of Theorem 1; the formal state-
ment appears in Theorem 2 (Appendix B.2).

Comparison with contrastive learning and L, /L, regu-
larization. MCL generalizes two existing methodologies
(Figure 4). Contrastive learning on latent codes is the prac-
tical instantiation of LRD [27, 40, 46, 70]; L /L, regular-
ization (sparsity [33, 68], quantization [44, 54], combined
penalties [22]) tightens a single latent code without injecting
diversity. MCL takes a third stance: p(z) stays fixed and u
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Figure 4. What each family of objectives does in latent
space. (Left) Contrastive learning, LRD; (Center) L, /Lo
regularization; (Right) MCL.

reshapes the generator, with the contrastive signal computed
on Jacobian gradients — the natural identifiability objective
for architectures built with z L u.

5. Experiments

We validate the theory on synthetic data with known ground
truth (§5.1), then evaluate concept disentanglement (static
case, §5.2) and world modeling (temporal case, §5.3).

Implementation. MCL is implemented as a drop-in regu-
larizer on top of any conditional generator. The mechanism
critic ¢y is a 3-layer MLP (d, +dx +d,, — 256 — 256 — 1,
GELU activations); the projection heads I, IT,, are 2-layer
MLPs into a d = 128-dimensional unit sphere. We use tem-
perature 7 = 0.07 following SimCLR [6], in-batch negatives
only (B € {128,256} depending on the host model), and a
single Adam optimizer for (G, ¢y, 114, 11,,) at learning rate
10~*. The MCL weight is Avcr, € [0.01,0.1] tuned per
host model on a held-out validation split. The critic gradient
is detached on the InfoNCE path to avoid the trivial solution
where ¢y, collapses to a constant; mechanism-gradient norms
are clipped at 10. All experiments use mixed-precision train-
ing on a single H100 GPU; world-model experiments scale
to four H100s with data-parallel.

5.1. Experiments on Synthetic Data for Factor Ver-
ification

Setup and metric. We generate data from a known GMD
process (full data generation pipeline in Appendix D.3) with
d, € {5,10,20} and a default of |/{| = 8 conditioning val-
ues. We compare three baselines drawn from the three prin-
ciples of Section 2: (i) 5-VAE [21] (regularization-based),
(i1) iVAE [29] (LRD-based), and (iii) MD-VAE (ours, GMD-
based), trained with the conditional ELBO of Equation (1).
Identifiability is measured by the Mean Correlation Coeffi-
cient (MCC) between true and recovered latent variables.

Results. Across d, € {5, 10,20} MD-VAE attains median
MCC {0.96,0.87,0.81}, exceeding iVAE, i.e., 0.80 to 0.65,
and 8-VAE, i.e., 0.53 to 0.39, at every d,, as shown in
Figure 5. The ordering matches Theorem 1, the MD-VAE

exploits mechanism diversity directly, whereas iVAE relies
on Assumption 1 which weakens as d, grows against a fixed
||, and 5-VAE has no identifiability guarantee. Notably,
increasing || can induce more distinct mechanisms (see
Appendix F.1).

5.2. Experiments on Concept Disentanglement

As a representative static GMD task, we evaluate whether
MCL improves concept disentanglement in conditional diffu-
sion models (concept tokens = u, denoiser = ¢(-, u)). Our
MDDiff builds MCL and mechanism diversity on top of a
latent diffusion generative model with cross-attention, fol-
lowing Yang et al. [61]; full architecture and training details
are in Appendix D.

Datasets. We use three standard disentanglement bench-
marks: Shapes3D [30], MPI3D [13], and Cars3D [45],
which together cover synthetic factors, 3D object factors, and
viewpoint variation. All experiments use 64 x 64 images,
following [5, 30, 48, 60].

Baselines and metrics. We compare VAE baselines (Fac-
torVAE [30], B-TCVAE [5]), GAN baselines (InfoGAN-
CR [35], GANSpace [19], LatentDisco [56], DisCo [48]),
and diffusion baselines (DisDiff [60], EncDiff [61]) against
MDD:iff; full descriptions are in Appendix D.2. All methods
use N = 20 scalar representations [60]; we report mean
+ std over 15 runs using the FactorVAE score and DCI
disentanglement (as in Appendix D.1).

Results and analysis. Quantitatively (Table 1), even be-
fore MCL, the diffusion-based methods already outperform
the baselines by a clear margin, consistent with our theory.
MDDiff is best or tied-best in nearly all columns; the only
exception is DCI on MPI3D. The largest gains appear on
Cars3D (the hardest benchmark) DCI, i.e., 0.493 vs. 0.279
for EncDiff, ours obtain +0.214. The training dynamics on
Cars3D (Figure 5) trace this gain to the two-stage MDDiff
pipeline: MDDiff pretraining first learns the conditional gen-
erator, then MDDiff + MCL fine-tuning drives both DCI
and FV upward relative to EncDiff. MPI3D’s complex 3D
interactions break LRD-based methods but not MDDiff, sup-
porting our claim that mechanism diversity is a stronger
inductive bias. Qualitatively (Figure 6), swapping a single
latent dimension between source and target images transfers
exactly one attribute while preserving all others , the opera-
tional signature of an axis-aligned factored representation,
in the sense of Theorem 1. Generation quality (FID, LPIPS)
is preserved competitively with EncDiff (Appendix F.2, Ta-
ble 6); latent traversals and cross-attention maps further
confirming localised mechanism diversity in the generator
are reported in Appendix F.
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Figure 5. Synthetic experiments and Cars3D metrics curves during training. Left: MCC violin plots over 30 seeds per
cell. Right: stitched FactorVAE and DCI trajectories on Cars3D.
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Figure 6. Factor swapping across all three benchmarks. Row 1: source images (SRC); row 2: target images (TRT);
subsequent rows: SRC with one latent dimension replaced by the corresponding TRT dimension, we match the concept
through their consistent visual variations across samples.

5.3. Experiments on World Modeling

We show that MCL can improve world modeling of temporal
robotics data. We first relate our theorem to practical sce-
narios in principle, and then present our methodology and

results.

Forward/inverse dynamic models.

Recent VA/WA mod-

els [34, 64] cast the world as an SEM on (o;.7,a;.7)
with two halves: a forward action-conditioned generative
model 0¢11 = grwa(2z¢, a;), and an inverse-dynamics model
a4 = Giny(0t, 0¢41). State-of-the-art pipelines train the in-
verse half by extracting actions from pixel dynamics; we
target the forward half, where actions reshape the latent dy-
namics as the conditioning signal u; = a;. The two halves
form an inverse pair of the same SEM,

—

Ot41 = gfwd(zta at)

our action-conditioned generation (forward)

a = Ginv(0¢,0¢41)

VA/WA action extraction (inverse)

and the GMD identifiability theory we develop here directly
applies to the forward half: when the action sequence suf-

ficiently reshapes grwa, the latent state is provably factored
(Theorem 1). This is the mirror image of how the condition-
ing signal diversifies temporal dynamics, with both action
alignment and visual fidelity reflecting the controllability or
identifiability of u.

Architecture. Our action-conditioned generative world
model (ACG) instantiates the forward SEM on top of
Wan 1.4B [57], a pretrained video generation backbone.
Two regimes differ in whether the action conditioning is
observed or inferred: Wan-ACG feeds the recorded action
a; directly to the forward model; Wan-LACG (the L de-
notes latent action) replaces it with an IDM-inferred latent
action. Both regimes use an inverse dynamics model, an
AdaLN action interface, and a flow-matching forward model
initialized from Wan 1.4B.

MCL on the action conditioning. MCL attaches to
the action channel: a mechanism critic produces g; =
Vy, ¢y (Xit1,2¢,1¢), contrasted via InfoNCE against the
projected action embedding. The IDM, action interface, for-
ward model, and MCL heads train jointly with the causal
VAE frozen. Full hyperparameters are in Appendix D.
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Table 1. Disentanglement comparison (mean = std; best results are in Bold).

Cars3D Shapes3D MPI3D
Type Method FV score 1 DCI 1 FV score 1 DCI 1 FV score 1 DCI 1
VAE FactorVAE 0.906+ 0052  0.161+0019  0.840+0066  0.611+0082  0.152+0025  0.240+0.051
B-TCVAE 0.855+ 0082 0.140+0019  0.873+0074  0.613+0.114  0.179+0017  0.237+0.056
InfoGAN-CR 0.411+0013  0.020+0.011 0.587+0058  0.478+0055  0.439-+ 0.061 0.241+0.075
GAN LatentDisco 0.852+ 0039  0.216+0072  0.805+0064  0.380+0062  0.391+0039  0.196+ 0.038
GANSpace 0.932+ 0018 0.209+ 0031 0.788+0091  0.284+ 0034  0.465+ 0036  0.229+ 0.042
DisCo 0.855+0074  0.271+0037  0.877+0031  0.708+0048  0.371+0030  0.292+0.024
DisDiff 0.976+ 0018  0.232+0019  0.902+ 0043  0.723+0013  0.617+0070  0.337+0.057
Diffusion  EncDiff 0.773+0060  0.279+0022  0.999+0000  0.969+0030  0.872+004 0.685+ 0044
MDDiff (Ours) 0.985+ 0048 0.493+ 0025 1.000+0000 0.993+0030 0.930+0049  0.679+0.010

Wan-ACG

Wan-ACG
+MCL

Figure 7. World-model qualitative ablation. Two manipulation rollouts driven by the same initial observation and ground-
truth action sequence. Top: ground-truth frames (GT). Middle: Wan-ACG alone. Bottom: Full method Wan-ACG+MCL.
The dashed yellow trajectory traces the gripper end-effector across frames; Wan-ACG+MCL follows the ground truth more
faithfully than ACG alone, confirming that MCL in the action conditioning sharpens action-following accuracy.

Table 2. World-model evaluation on Robotwin un-
der the low-data target-embodiment setting. Target
task: held-out evaluation on place_a2b_left (same
task as training). Transfer task: zero-shot evaluation on
place_a2b_right. Higher is better for SSIM, PSNR,
and SSIM-L; lower is better for MSE. Bold marks the best
result per column.

Target task Transfer task
Method SSIM{ PSNR+ MSE| SSIM-Lt SSIM{ PSNRT MSE |

Wan-ACG 0.763 18.61  0.0138 0.735 0.763 18.45
Wan-ACG+MCL 0.765 18.73 0.0134 0.737 0.765 18.58

‘Wan-LACG 0.769 18.98  0.0127 0.744 0.782 19.31
Wan-LACG+MCL 0.772 18.99 0.0125 0.749 0.784 19.33

SSIM-L 1

0.0143 0.732
0.0138  0.739

0.0117 0.752
0.0115 0.758

Protocol and methods. We evaluate on Robotwin [39]
under the low-data target-embodiment setting (Table 2), re-
porting SSIM, PSNR, MSE, and last-frame SSIM-L on the
target task (place_a2b_left) and the zero-shot transfer
task (place_a2b_right). For each of the two regimes
(Wan-ACG, Wan-LACG) we report the variant without MCL
(only the host objective) and with MCL added; the struc-
tural claim is that MCL on the action conditioning improves
both visual prediction quality and action-following over the

matching no-MCL baseline in either regime.

6. Conclusion

Mechanism diversity provides a principled, parameter-free
route to factored generative models: when conditioning suf-
ficiently reshapes the generator, the latent space is provably
factored. The framework strictly generalizes LRD, extends
to self-supervised and multi-view regimes, and is opera-
tionalized by MCL as a model-agnostic objective for any
conditional generator.

Limitations and future work. The framework is inspired
by nonlinear ICA and targets identifiable, factored gener-
ative models. We see three open directions: extending
mechanism diversity beyond factored generative models
to broader conditional generators (large-scale text-to-image
and video diffusion, visual world models); using MCL as a
fine-tuning signal for large pretrained backbones, actively
injecting mechanism shift on top of passive pretraining; and
maulti-objective, multi-auxiliary mechanism contrast. Each
direction is expanded in Appendix H.
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Appendix

Supplementary material for Factored Generative Models through Mechanism Diversity

Notation
A consolidated reference for symbols used in the theory, objectives, and experiments.

Formal Statements
Formal versions of the main identifiability theorem, its extensions, and the MCL mechanism-diversity theorem.

Proofs
Proofs of the formal statements in Appendix B, plus the bridge from MCL gradients to the GMD condition.

Experimental Details
Disentanglement metrics, baseline descriptions, MD-VAE / MDDiff / ACG-WM architectures, training schedules,
and hyperparameters.

PyTorch Implementation of MCL
Primary PyTorch loss (Algorithm 1) and the full implementation including projection head and mechanism critic
(Algorithm 2).

Additional Experimental Results
|| ablation, generation quality, world-model placeholders, latent traversals, and cross-attention maps.

Extended Related Work
Why existing generative models can be factored, and a categorization of disentanglement methods by
underlying principle.

Recommendations for Future Work
Beyond identifiability, MCL as fine-tuning of large pretrained models, multi-objective / multi-auxiliary mechanism
contrast.
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Table 3. Notation used throughout the paper.

Symbol

Description

Generative model and data.

b Observation (data sample).

X Reconstructed/generated observation produced by the model.

z Ground-truth latent code.

Z Learned latent code; identifiability is up to permutation and componentwise invertible maps.

u Conditioning signal: text, class label, viewpoint, regime index, or action that reshapes the generator.
oy ‘World-model observation at time t.

a; World-model action at time ¢, playing the role of u in the temporal GMD setting.

Generator and identifiability.
9(z,u) or gu(z)

Conditional generator family indexed by u; GMD studies how this family varies across conditioning

values.
9(z,u) Observationally equivalent learned generator used in the identifiability argument.
hu = Ga' 0 gu Relabeling map from true latents to learned latents at a fixed conditioning value.
Jy Jacobian of the generator with respect to the latent variables.
Jn Jacobian of the relabeling map with respect to the latent variables.
m;(z,u) First derivative 9, log | J4(z, u)|.
my;(z,u) Diagonal second derivative 92, log |J4(z, u)|.
V(z,u™) GMD feature vector collecting the mechanism-derivative coordinates used in Assumption 2.
d. Latent dimension.
duy Conditioning dimension.
|| Conditioning-set size; number of distinct conditioning mechanisms available for contrast.
MCL objective
Cy Mechanism critic whose latent gradient is contrasted against the conditioning signal.
g(z,u) Mechanism gradient V,cy (Go(z,u), z, u).
11,4 MCL projection head mapping the mechanism gradient into the embedding space.
1L, MCL projection head mapping the conditioning signal into the embedding space.
q(z,u) L2-normalized projected mechanism gradient (query).
k(u) Lo-normalized projected conditioning embedding (key).
T InfoNCE temperature in the MCL loss.
AMCL MCL loss weight in the full training objective.

B. Formal Statements

The main text states the theory in compressed form to keep the paper readable. This appendix collects the fully quantified
statements first; Appendix C then proves them in the same order.

B.1. Identifiability and Its Extensions

Proposition 1 (Full Statement: Capacity Separation of GMD and LRD). Let O rp C R% and Ognp C RIS be open
parameter domains. Let

Vrrp : OLrp — R, Yamp : Ogup — R?

be finite separating coordinate charts for the induced conditional laws, obtained by evaluating a separating family of test
functions at finitely many conditioning values. Assume both maps are real analytic, VLrp(OLrp) C Yamp (Ocmp), and
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there is a nonempty open set 2 C Ogump on which

rank DUanp(0g) > sup  rank DU rp(6)).
0L €OLRD

Then
OLRD-in-cMD = {0¢ € Ogmp : 301, € Orrp with ¥gup(0e) = Yirp(0r)}

is contained in a proper analytic subset of ©gmp and therefore has Lebesgue measure zero. Consequently, GMD strictly
contains LRD at the level of conditional generative families.

Theorem 1 (Full Statement: Identifiability under Sufficient GMD). Ler Z, Z C R% be open connected sets, let p, and p;
be positive C? densities, and let z 1 . For each u € U, suppose

Gu:Z =X, GuZ—oX

are C? diffeomorphisms onto a common open image with nonzero Jacobian determinants. Assume observational equivalence,
(9u)#Pz = (Gu)#Dps for every u, and define

hu =0y © Gu, Ta = h;l.
Fori=1,...,d,, define
mi(z,u) = 9., log|det Dgu(z)|,  mj(z,u) = 82 log | det Dgu(2)],

and V(z,u) = (my,...,m}_,mfy,...,m} ;) € R**. Assume:

A1 (Sufficient GMD): for every z € Z, there exist u'® ... u?®) € U such that the 2d., contrasts V (z,u™) — V(z,u(®),
n=1,...,2d,, are linearly independent.

A2 (Mixed-derivative separation): for every distinct k,l and everyn = 1,...,2d,,

<V(z, u™) - V(z,u®), Bz, u)> =0,

where, evaluated at z = hy(z),

B ( 11) (927"11,1 32ru,dz 67"“,1 (97’1171 aTu,dz 3ru7dz
KA 05,05 0 02,02 0%, 04 7 04 0%

Then, for each , there exist a permutation Ty and scalar C' diffeomorphisms {hu,i}?;l such that

éi:hu,i(zﬂ.u(i)), iZl,...,dz.
If u — hy is continuous on a connected conditioning set, the permutation is independent of u. Under the shared-latent-chart
convention used in Definition 1, this is the factored form Z; = hi(zx(;))-

Proposition 2 (Full Statement: Self-Supervised GMD). Let F, = o(x<;) and let 2, = es(x<;) be an F;-measurable
context representation. Suppose the next-step model has the form Xi11 = (2141, Z¢), with innovation exogeneity z;+1 L F3,
hence zyy1 L 7. If the support of z; contains the 2d, + 1 context values required by Theorem 1, and the conditional generator
family satisfies the remaining regularity and mixed-derivative separation assumptions of that theorem with u = Z;, then z; 1
is identifiable from x4 up to permutation and componentwise invertible transformations.

Proposition 3 (Full Statement: Distribution-Level Invertibility from Three GMD Views). Let x(™) denote the observation
generated under conditioning value u'™, n = 0,1,2, with x(") 1 x(™) | z forn # mand z 1 u. Under the operator
injectivity, bounded-density, non-redundancy, and smoothness assumptions stated in Assumptions 3—6, any observationally
equivalent latent variable 7 is related to z by an invertible differentiable relabeling map h, i.e. z = h(z). Therefore, once the
sufficient-GMD derivative condition of Theorem I holds after this distribution-level relabeling, the conclusion of Theorem |
holds without assuming pointwise invertibility of g(-, ).

14

CVPR
#35



CVPR
#35

CVPR 2026 Submission #35. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

B.2. MCL as a Mechanism-Diversity Objective

We use the notation of Appendix A and Section 4: the host generator Gy, the mechanism critic ¢y, the projection heads 11,
and IT,, into a common d-dimensional embedding space, the mechanism gradient g(z, u) = V¢4 (Go(2, u), z, u), and the
Lo-normalized query and key q(z, u) = II,(g(z, u))/|/I1,(g(z, u))|| and k(u) = IL, (u)/||IL, (u)||. Replacing the in-batch
negatives in the MCL loss by independent samples from p(u) yields the population InfoNCE objective

P T 2 T /
L35 (7) = Eupmpmp(u) | — L2 4 log By puexp (L2 | @)

The next theorem shows that minimizers of £3;;, realize the linear-independence content of Assumption 2.

A1 (Regularity): Gg and cy, are C? in z; 11, and 11,, are continuous; and g(z,u) # 0, II,(g(z,u)) # 0, IL,(u) # 0 for
p(z)p(u)-a.e. (z,u).

A2 (Capacity and spread): d > 2d. + 1, and the hypothesis class {(Go,cy,114,11,)} contains a configuration that
simultaneously achieves alignment q(z,u) = k(u) a.e. and uniform spread k4 p(u) = Unif(S¢~1).

A3 (Discriminative conditioning support): there exist u®), ... u®%) ¢ supp p(u) such that I, (u(?)), ... I, (u%)) are
linearly independent in R?.

A2 is the standard alignment—uniformity capacity condition under which the population InfoNCE minimizer is unique [58];
without uniform spread, degenerate constant-q configurations can match the rescaled-loss infimum. A3 is the operational
content of "enough distinguishable auxiliary inputs" and holds for any generic continuous IT,, whenever supp p(u) contains at
least 2d, + 1 distinct points.

Theorem 2 (MCL minimizers satisfy mechanism-gradient diversity). Under A1-A3, for every fixed temperature T > 0
the population InfoNCE loss (2), restricted to the hypothesis class of A2, attains its infimum at the alignment-and-spread
configurations of A2; in particular every such minimizer satisfies q(z,u) = k(u) for p(z)p(u)-a.e. (z,u). Consequently, for
p(z)-a.e. z and the values {u(”)}id:zo supplied by A3, the projected mechanism-gradient contrasts

An(z) = Ty(g(z,u™)) — Hy(g(zu®), n=1,.., 2., (3)
are linearly independent in RY, realizing the linear-independence content of Assumption 2.

C. Proofs

C.1. Proof of Proposition 1

Proof. (i) Inclusion. Given any LRD model (f7,, gy,), construct a GMD model by setting f(€) := € and gg(u,z) :=
9r.(fr(u,z)). Then x = ga(u, fa(€)) = gr(fr(u, €)), identical to LRD. Hence PL.rp € Pemb.-
(ii) Zero-measure strictness. Let

®rrp : OLrD — F, ®cmp : Ogmp =+ F

denote the analytic maps from parameters to conditional data-distribution families, where JF is any finite-dimensional coordinate
chart obtained by evaluating a finite separating set of test functions and conditioning values. Because Pg has a Lebesgue
density, equality of the induced conditional laws implies equality of these separating coordinates. The LRD-realizable subset
inside the GMD parameter space is therefore

OLRD-in-aMD = PGyp (PLRD(OLRD)).

The inclusion construction above shows that this set is nonempty. Strictness means that the image ®1,rp(©rrp) is contained
in a lower-dimensional analytic submanifold of ®gyp(©amp): LRD can only represent conditioning effects that factor
through the latent distribution, whereas GMD parameters also include independent directions in which u changes the generator
while p(z) stays fixed. Under the nondegenerate analytic parameterization stated in the proposition, the analytic rank theorem
then gives

dim OLRD-in-cMp < dim Oamp.

Lower-dimensional analytic subsets of an open Euclidean parameter space have Lebesgue measure zero, proving the claim. [
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C.2. Proof of Theorem 1
Proof. Denote gy, (-) = g(-, 1), so x = gy (z). Observational equivalence defines
2= hu(z) = gy ' © gu(2),
with Jacobian Jj,(z, u). By the change-of-variables formula,
log pz(z) = log p,(z) — log | (2, u)|.

For distinct indices k # [, differentiate the identity twice with respect to (2, 2;). The term log p,(z) is independent of u
because z | u. After subtracting the equation at the reference value u(®) from the equation at u(™, the u-independent
density term cancels. The mixed-derivative separation condition in Theorem 1 separates true-generator and learned-generator
derivative coordinates, leaving the homogeneous system

d- 0z; 0z; & 0%z;
0= Amll(z,n) - = + Aml(z,n) ———, 4

where
Aml(z,n) = m)(z,u™) — ml(z,u®),
Armfy(z,n) = ml (2 u™) — mly(z,u®).

For fixed (k, 1), define

2 2
Bkl(Z, 11) _ ( 1o} Z1 0 Zd., 321 321 8Zdz (9de> .

02,02 02,02 02 92 9% 9k
Equation (4) is equivalently
<V(z7 u(")) -V (z, u(o)), By (z, u)> =0, n=1,...,2d,.

The sufficient-GMD condition states that these 2d. contrast vectors are linearly independent in R??:; hence they span R4
and force By, (z,u) = 0 for every distinct pair k # [. In particular,

0% 0z
Thus each row of J,. () has at most one nonzero entry. Since 7, is invertible, J,., () is full rank, so each row and column has
exactly one nonzero entry. Therefore there are a permutation 7, and scalar invertible functions p,, ; such that

=0 foralli, k#I.

Zi :pu,i(éﬂu(i))> i= 17"'ad2'

Inverting and reindexing gives 2; = huvi(zﬂ_—l (i)) for scalar invertible functions hy, ;. If u — hy, is continuous in C Lover a
u

connected conditioning set, the discrete permutation 7, cannot change with u without making .J,,, discontinuous; hence 7y, is

constant across environments. O

C.3. Proof of Proposition 2

Proof. Let F, = 0(x<;) be the past-observation sigma-field and let z; = e4(x<;) be the context encoder output, so z; is
Fi-measurable. The predictive model has the form

Xt41 = g(Zi11, 21).
Assume the next-step innovation latent is conditionally exogenous:
zi1 L Fy, and therefore Zit1 L 2.

Conditioning on the realized value of z; gives exactly the static GMD model of Theorem 1, with u replaced by z;. If the
support of z; contains the 2d, + 1 context values required by the sufficient-GMD condition, the theorem applies pointwise over
those contexts and yields identifiability of z,; up to a permutation and componentwise invertible maps. When e is learned
jointly with g, the same conclusion holds at any population optimum whose encoder output satisfies the support and exogeneity
conditions; when ey is fixed, these conditions are assumptions on the fixed representation. This proves the proposition. [
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C.4. Proof of Proposition 3

The high-level argument and its multi-view interpretation are given in the main text after Proposition 3. Here we record the
formal assumptions (Assumptions 3—6) and the proof.
We first introduce the operator machinery needed for the proof.

Definition 2 (Linear Operator). Consider two random variables a and b with support sets A and B. The linear operator Ly,
maps a density function p, on A to a function on B via:

(Laja 0 pa)(b) = /A p(b | @) pala) da. )

Definition 3 (Diagonal Operator). Consider two random variables a and b with density functions p, and py on support sets A
and B. The diagonal operator Dy, maps the density function p, to another density function via pointwise multiplication of
Db|a at a fixed point b:
Dyjq ©pa = poja(b ] *) pas  where Dyjq = ppja(b ] -)- (6)
The proof requires the following additional assumptions.

Assumption 3 (Operator Injectivity). The linear operators Ly, defined by the conditional density p(x | z, u™) are
injective for each conditioning value u, n = 0,1, 2.

Assumption 4 (Bounded Density). The conditional densities p(x | z, u™) are uniformly bounded: sup,  p(x | z, u™) < 0o
for each n.

Assumption 5 (Non-redundancy). For each conditioning value u'™), distinct latent values produce distinct conditional
densities: z # 7 = p(x | z,u™) # p(x | 2/, u™) as functions of x.

Assumption 6 (Smoothness). The conditional density p(x | z, u(”)) is continuously differentiable in z for each n.

Proof. Denote x(™) as the observation generated under conditioning value u(™, so x(") ~ p(x | 2, u(")) forn =0,1,2.
Since z L u, the observations x(?), x(1) x(?) are conditionally independent given z:

p(x©@ | xM) 2) = p(x? | 2),
p(x(Q) | x(l),x(o), z) = p(x@) | 2). (7

From p(x(?), x(M) | x(0)), the conditional independence yields:

P x| x0) = [ px [ x,2,x0) x| <) da
zZ

- / p(x@ | 2) p(xV | 2) p(z | x©) d, ®)
zZ

where the second equality uses (7). Integrating both sides over x(?) against p(x(o)) and expressing in operator form
(Definitions 2 and 3):
Ly, x|x© = Ly@ |z Dx)z Lyjx - )

Integrating over x(1) on both sides gives Ly2)x(0) = Lyx@)|z Lyjx(0). By Assumption 3, Ly (2|, is injective, s0 L, x©0) =
L;é) 1z Ly ) |x(0). Substituting back into (9) and right-multiplying by L;(12)|x(0)’ which exists and is densely defined by
Assumption 3, gives
Lx(”;x<2)IX(O)L;<12>|X(0>
= Ly |z Dy} Lyt - (10)
By Assumption 4, the left-hand side is a bounded operator. By the uniqueness of spectral decomposition [8, 10], the eigenvalues

D)), (the entries {p(x!) | z)}) and the eigenfunctions in L)\, (the columns {p(x(?) | z)}) are unique up to standard
indeterminacies:

Lx(z)‘z = CLx(2)|2 P7
Dyjp = P Dy P. (11)
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where C'is a nonzero scalar rescaling and P is a permutation operator. Since | p(x?) | z) dx? = 1 for every z, the only
solution to [ C'p(x? | z)dx® = 1is C = 1. From Dy = P7! Dyty)5 P, the sets of conditional densities must match:

{p(xM | 2)}, = {p(x(V) | 2)},. Since sets are unordered, a relabeling map h is needed to consistently match entries:
p(xW | h(z)) = p(xV) | 2), forall z,z. (12)

By Assumption 5, distinct z values produce distinct conditional densities, so & is one-to-one (invertible). By Assumption 6, h
is differentiable. Hence z = h(z) with h invertible and differentiable.

Finally, if d; > d., then d, latent components suffice to explain x, and the remaining d; — d, components satisfy
p(x | Zl:dz7zglz+1:dg) = p(x | Zlidz7Z:i/z+1:dz») for all z’,z", contradicting Assumption 5. If d; < d, then d, — d: latent
variables are constant, contradicting that they are variables. Hence d; = d.,. O

C.5. Proof of Theorem 2

Proof. The argument has two threads: alignment of the projected mechanism gradient to the projected conditioning embedding,
established by an exact decomposition of the population InfoNCE; and linear independence of the gradient contrasts at any
fixed z, which follows from the alignment-induced gauge equation together with A3.

The population InfoNCE (2) is the limit limp; o [EAM40L (1) —log M] of the standard M -negative InfoNCE estimator [40].

Substituting the unit-norm identities q " k(u) = 1 — |/g — k(u)[|3 and q "k(u') = 1 — 1||q — k(u’)||} into (2) (the £1/7
contributions cancel) yields the exact algebraic identity

Riew(7) = 5= Baan a2, w) — k(w) [}

A(q,k;7)>0

2T

—|la(z,u) — k(u')]|3 (13)
T e L B

U(q.k;T)

Two observations make alignment fall out of (13) once the spread part of A2 holds. First, A(q,k;7) > 0 with
equality if and only if q(z,u) = k(u) for p(z)p(u)-a.e. (z,u). Second, when ky p(u) = Unif(S?~!) the function
a — Ey .y exp(—|la — k(u’)||3/(27)) is rotationally invariant on S*~! (its value depends only on ||a|2, by spherical
symmetry of the uniform measure); for every unit vector a it equals the constant I(7,d) := [q,_, e~ lao=vI3/27) go (v),
where ay is any fixed unit vector and ¢ is the uniform measure on S%1.

_ Pick any k* realizing the spread part of A2; such a key map exists by A2. The rotational-invariance observation gives
U(q,k*;7) = log I(7,d) for every unit-norm q, so substituting into (13) reduces the loss at k* to a constant plus the alignment
term:

Liicn(a, k% 7) = A(q,k*;7) +log I(7,d). (14)

Minimizing over unit-norm q then selects the unique optimum q(z, u) = k*(u), achieving the value Loy (7, d) := log I(7,d).
To rule out non-aligned minimizers elsewhere in the hypothesis class, observe that Loy (7, d) is also the global infimum
of L3, over all unit-norm encoder pairs: by the joint-minimum analysis of population InfoNCE [58, Theorem 1 and
Proposition 2] adapted to the two-encoder setup of (2), the global infimum is attained only on the gauge orbit {(q,k) : IR €
O(d),q(z,u) = Rk(u) as. and ky p(u) = Unif(S¢~1)}. The orthogonal R reflects the gauge invariance of the loss under
simultaneous rotations (q, k) — (Rq, Rk), and is fixed to the identity by the choice of architectures (II,, IL,) once those are
pinned down. Every minimizer inside the hypothesis class therefore satisfies q(z, u) = k(u) for p(z)p(u)-a.e. (z,u).

With alignment in hand, the linear-independence claim is purely geometric. Fix z in the (full p(z)-measure) set on which

a(z,u) = k(u) holds for p(u)-a.e. u, and choose the 2d., + 1 values {u(™}2% given by A3. Unrolling the definition of q, k,

HQ (g(Z, u(n))) — Hu(u(n))
Mg (g(z, utm))| [Ty (u™)]"

so the two sides are positively collinear. By A1l the norms are strictly positive; setting

_ MLy (g(z, ut™))]|

(z) = > 0, —0,...,2d,, 15
() L, (@] " (1)
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we obtain the gauge equation I1,(g(z, u™)) = a,,(z) IT, (u™). Substituting into (3),
An(z) = an(z) Hu(u(n)) - aO(Z) Hu(u(o))v n= 1; teey 2dz

Suppose Ziizl Brn Ap(z) = 0 for scalars 3, € R. Expanding,

2d., 2d
S Bu (@) (™) ~ ao(z) (Z /3n> IL,u®) = o,

which is a linear combination of the 2d, + 1 vectors {Hu(u("))}i‘i:zo. By A3 these vectors are linearly independent in R%; the

embedding dimension d > 2d. + 1 in A2 is what makes such a tuple feasible. Hence all coefficients vanish:

2d.
Brnan(z) =0 (n=1,...,2d,), ap(z) (Zﬁn> =0.

Since a,(z) > 0 by (15), the first family forces 3,, = 0 forn = 1,...,2d,. The second equation is then automatically
satisfied. Therefore {A,,(z)}2% is linearly independent in R?, completing the proof. O

C.6. From MCL to the GMD Condition

Theorem 2 establishes linear independence of the projected critic-gradient contrasts {An(z)}id:zl. Assumption 2 is stated in
terms of V' (z, u(™), the vector of first and second z-derivatives of log | J¢, (z, u(™)|. The two notions of mechanism diversity
are not literally identical, but they coincide under a standard score-matching link between the critic and the generator. In each
instantiation, MCL is paired with a host loss £,... (variational ELBO for MD-VAE; conditional denoising score matching for
MDDiff; latent-dynamics negative log-likelihood for ACG-WM) whose minimizer drives ¢y (X, z, u) to a z-derivative-faithful
proxy of the conditional log-density of the host model. For the diffusion case, the change-of-variables for the marginal
po(x | 1) = pa(Gy (%)) - [Jg,.. (Gg oy (%)) 7" gives the score

; (16)

Vx logpp(x|u) = JC_;IH (z) [VZ log p.(z) — V,log |JG9,u(z)|} 61 00
z=G, ,(x

so the conditioning-dependent piece of the critic gradient V¢, contains exactly the first-order coordinates m/(z,u) =
0z, log|Ja, ()| of V(z,u), up to an additive u-independent term that drops out of every contrast A,,. Linear independence
of {A,,(z)} therefore transfers to linear independence of the first-order half of V (z,u(™) — V(z,u(?)). The second-order
coordinates m/; are recovered by augmenting the projection head II,, with the diagonal Hessian diag(V2c,,), after which the
same gauge argument applies coordinate-wise. Thus, under the standard architectural pairing of ¢y, with the host generator’s
likelihood structure, Theorem 2 delivers Assumption 2 verbatim, and Theorem | then yields identifiability up to a permutation
and componentwise transformations.

Scope. Theorem 2 concerns population minimizers; the standard caveats of finite-sample InfoNCE (capacity, optimization,
batch-size dependence of the negative distribution) carry over from the broader contrastive-learning literature [40, 58]. The
bridge in (16) is exact only when Gy ,, is invertible; for non-invertible diffusion or world-model generators, the bridge is
replaced by the score-matching identity at the noise level, and the linear-independence transfer holds whenever the score
network is rich enough to recover the conditional score. Our experiments (Sections 5.2-5.3) verify that the population picture
survives at realistic batch sizes.

C.7. Comparison with Contrastive Objectives

Contrastive losses share the InfoNCE template but differ in what they contrast and what guarantee they target. Table 4
compares MCL against four representative families. The structural distinction is that all prior families contrast representations
(or representations of contexts/views) and target either a similarity geometry (SimCLR/MoCo), a mutual-information lower
bound (CPC), or an LRD-style nonlinear-ICA identifiability (TCL, iVAE-contrastive). MCL is the only family that contrasts
mechanism gradients V ,c,;,(G(z,u), z, u) against the conditioning signal, with the explicit goal of certifying mechanism
diversity (Assumption 2) and thus a factored generative model. Negatives are drawn by shuffling the conditioning index u
within the batch (rather than perturbing p(z)), which is what couples the alignment objective to the GMD geometry rather than
to a representational similarity.
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Table 4. Contrastive objective families. Columns list the positive pair, the source of negatives, the object contrasted, and
what the optimum targets, for five representative families.

Family Positive pair Negatives Object contrasted Optimum target

Augmentation [SimCLR/- (f(x), f(X)), X an augmenta- In-batch other images Image representation f(x) Augmentation-invariant sim-

MoCo; 6] tion of x ilarity
Predictive [CPC; 40] (c,g7 fxet k)), context vs. fu- In-batch other futures Context vs. future repre- MI lower bound
ture sentation I(ct;xeqn)

Time-contrastive [TCL; (x,segment label) Other segment labels  Encoder of x Nonlinear ICA / LRD iden-

25] tifiability

Density-ratio / NCE [14] Data x vs. noise X Noise samples Log-density-ratio Density / score estimation
lOg pdata/pnoise

Mechanistic MCL (ours) (g(z, u), u) Shuffled u; in batch ~ Mechanism gradient vs. GMD identifiability, Theo-
conditioning rem 2

D. Experimental Details

D.1. Disentanglement Metrics

FactorVAE score [30]. For each ground-truth factor k, sample observations varying only in k, encode them, and identify the
latent dimension with minimal normalized variance: dj, = arg min; 0]2 /> J 0]2-,. The score is the accuracy of a majority-vote
classifier predicting k from dj. A score of 1.0 means perfect axis-alignment.

DCI disentanglement [11]. Train a predictor from z to each factor k and extract the feature importance matrix R € R4*K

The disentanglement score is
d
i (sm) /
= - log K, a7
d z:: Zk jk

where H (-) is the entropy. D = 1 when each latent dimension encodes exactly one factor.

D.2. Baselines for Concept Disentanglement

We expand the baseline descriptions for Section 5.2 (Table 1).

VAE-based. FactorVAE [30] adds a total-correlation penalty on the aggregated posterior to encourage statistically in-
dependent latents. S-TCVAE [5] decomposes the KL term and upweights the total-correlation component, isolating the
disentanglement-relevant pressure of 3-VAE.

GAN-based. InfoGAN-CR [35] extends InfoGAN with a contrastive regulariser on the inferred factors. GANSpace [19]
discovers disentangled directions post-hoc via PCA on early-layer GAN activations. LatentDisco [56] learns directions in a
pretrained GAN’s latent space using a self-supervised classifier. DisCo [48] is a contrastive method on a pretrained generator:
it samples paired latent walks and trains an encoder to detect the active factor.

Diffusion-based. DisDiff [60] associates each latent with a per-factor sub-gradient field of the score network. EncDiff [61]
routes each scalar latent through an independent MLP and injects the resulting tokens via cross-attention into the U-Net.
MDDiff (ours) uses this tokenized diffusion scaffold, adds u-conditioned decoding to form the MDDiff pretraining model,
and then fine-tunes that checkpoint with MCL to enforce mechanism diversity through the cross-attention slots.

D.3. MD-VAE (Simulations)

Synthetic data-generating process. We follow the standard nonlinear ICA simulation protocol [27, 29] and instantiate
it inside the GMD regime. For each run we draw a latent dimension d, € {5,10,20} and a conditioning-set size || €
{2,4,8,16,32} (default [U/| = 8). Each simulated dataset D = {(x;,u;)}Y; with N = 50,000 is generated as follows. The
conditioning signal u; is drawn uniformly from a fixed alphabet I/ = {u(l), .. ,u(WD }, where each ul® € Rdu (dy = 16)1s
sampled once at the start of the run from N (0,1, ). The latent z; ~ N'(0,14.) is sampled independently of u;, instantiating
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the GMD assumption z | wu; this is the key difference from the iVAE [29] simulation, in which p(z | u) shifts. The
mechanism-diverse generator is g(z,u) = ho (z®m(u) + b(u)), where m, b : R% — R% are two-layer MLPs (width 64,
leaky-ReLU) initialized so that m(u(™)) varies meaningfully across n, and / is a fixed invertible 3-layer leaky-ReLU MLP
(width max(64, 4d.,)); the componentwise product z ® m(u) implements per-coordinate mechanism reshaping, satisfying
Assumption 2 for [U/| > 2d, + 1. Finally, observations are x; = ¢(z;, u;) + ¢; with ¢; ~ N(0,0.01I). We use an 80%,/20%
train/test split, repeating each configuration over 30 random seeds.

Models. All three baselines share the same encoder—decoder backbone (3-layer leaky-ReLU MLPs, hidden width
max(64,4d, ), latent dim d,) and differ only in how u is incorporated. S-VAE [21] is a standard VAE with KL weight
B = 4 in which u is fed to neither encoder nor decoder. iVAE [29] uses a u-conditional encoder g4(z | x,u) and a
u-conditional Gaussian prior p(z | u) = N'(ux(u),diag(o%(u))) implemented by a 2-layer MLP, with a decoder that is
unconditioned in u (this is exactly the LRD regime). MD-VAE (ours) keeps the prior u-independent, p(z) = A(0,I), and
feeds u to both the encoder g4(z | x, u) and the decoder pg(x | z, u), training with the conditional ELBO of Equation (1). We
optimize with Adam (learning rate 10~2, batch size 256) for 200 epochs.

Evaluation. After training we recover latents z; = Eg, (4|x,u,)[2] on the test split and compute MCC by solving the
linear assignment problem between z and the true z in absolute Pearson correlation, following Hyvarinen and Morioka
[25], Khemakhem et al. [29].

D.4. MDDiff (Image Disentanglement)

Architecture. MDDiff builds on EncDiff [61] with two structural additions that together make it a bona fidle GMD model.

The shared backbone is unchanged from EncDiff: an Encoder4 CNN (hidden width 128, four stride-2 convolutional layers)
maps a 64x64 RGB image to =20 scalar concept factors; each scalar is expanded by an independent three-layer MLP
(1 - 64 — 128 — 16, ELU activations) into a 16-dim concept token, so each token corresponds to exactly one semantic
factor. The denoising backbone is a U-Net with base channel width 64, channel multipliers [1, 2, 4, 4], 2 residual blocks per
resolution, and 8-head spatial cross-attention injecting the 20 concept tokens at all three downsampled resolutions.

On top of this backbone we make two additions required for the GMD interpretation. First, we condition the VAE decoder
on the concept variable u: the original EncDiff feeds the concept tokens only through the U-Net cross-attention, so the VAE
decoder that maps the diffusion latent back to pixels is unconditional in u and the concept variable never enters the generator
g(z, u) in the strict sense of Assumption 2. We therefore inject u as an auxiliary input to the VAE decoder so that it becomes
9(z,u) with z the diffusion latent and u the concept token sequence; concretely, we concatenate the per-token features to the
spatial feature map at each upsampling stage of the decoder, mirroring the cross-attention pattern in the U-Net. Second, we
add a mechanism critic ¢, (X, z, u) scoring reconstruction—latent—concept tuples, together with two MLP projection heads
11, IL, (— 128-dim Lg-normalized embeddings) that map the critic gradient V¢, and the concept variable into a shared
embedding space, supporting the InfoNCE objective. The two additions together add roughly 265K parameters on top of the
shared backbone.

MCL Objective. We compared five MCL variants: NCE, InfoNCE, Fisher score matching, denoising score matching, and
Jacobian-based InfoNCE. InfoNCE consistently achieved the highest DCI disentanglement and FactorVAE scores across all
three datasets. The other objectives either suffer from training instability (Fisher, Jacobian) or weaker gradient signal when the
critic operates on high-dimensional image reconstructions (NCE, denoising SM). We therefore adopt InfoNCE as our final
objective:

& ex O T, () /7
EMCL:_%ZIOg B p(lly(8) Hu(mo)/7)

. (18)
j—1 exp(Ilg(gi) "Ly (u;)/7)

where g; = V,, ¢y (X;, 24, u;) is the critic gradient with respect to the latent, 7=0.1 is the temperature, and negatives are
drawn from other samples in the same mini-batch via latent shuffling. The total training loss is

L= ‘Cdiffusion + )\recon Lrecon + )\MCL £MCL7 (19)

where L econ 18 the pixel-level VQ-VAE reconstruction loss weighted by Ayecon=0.1.
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Training. Training proceeds in two stages on a single NVIDIA H100 GPU. Stage I pretrains MDDIff as a conditional-
generation model with the diffusion loss only for 10 epochs (AdamW, base learning rate 2x 1076, 10,000-step linear warmup).
Stage 2 fine-tunes the pretrained MDDiff checkpoint with MCL, optimizing all components jointly under the full objective £
for an additional 10 epochs (base learning rate 2x 10~7, 1,000-step warmup). Both stages use batch size 128 and T=1000
diffusion timesteps with a linear noise schedule (Sp,in=0.0015, Bmax=0.0155). Stage 2 fine-tuning takes approximately
3 hours on Cars3D, 4 hours on Shapes3D, and 7 hours on MPI3D. We set Amcn=10"3 for Shapes3D and Cars3D, and
Amcr=10"% for MPI3D.

D.5. Action-Conditioned Generative World Model

Pipeline. Wan-ACG and Wan-LACG are built on a large pretrained video generative model [57], equipped with four
components that together realize the forward action-conditioned generative model X; 1 = ggwd(z¢, us) on which MCL
operates: (i) a frozen causal VAE encoder F,,. that maps a 7T-frame video window to a latent video sequence vi.p =
Eyae(x1.7); (ii) an inverse dynamics model (IDM) I » that produces, for each frame transition, a diagonal-Gaussian posterior
4o (2t | Xty Xe41) = N (1, diag(o?)) over a d.-dimensional latent action; (iii) an action-interface module A, that lifts the
frame-rate latent action sequence z1.7 to FDM-aligned conditioning signals c1.r = Ay (21.7), injected into the FDM through
AdalLN modulation; and (iv) a forward dynamics model (FDM) gp, initialized from the pretrained video-planner backbone,
that performs flow matching @, = go(0,, T, 21.7) to predict future latent video dynamics conditioned on the latent action.

Mapping to the GMD setup. In our notation, the conditioning signal is the latent action, u; := z; (or, when an external
command interface is required, a controller-predicted latent action Z;), and the observation is the next latent video frame,
X¢4+1 = Uy41. The action-conditioned FDM is the GMD generator g(z;, u;): action-driven conditioning enters through
AdaLN; the diffusion latent enters through v...

Our addition: MCL on the action conditioning. We attach the MCL objective from Section 4 to the action-conditioning
channel of the FDM. A mechanism critic ¢y, (X¢+1, 2t, ug) scores how strongly the realized forward mechanism depends on z;,
the mechanism gradient g; = V., ¢y (X441, 2¢, ¢ is contrasted via InfoNCE against the projected latent-action embedding
IT,,(u;), and the resulting Lyicy, is added to the host objective with weight Ayicr:

Liotal = Lrec + BLx1L + AadvLarr + AmcL Lvcr,

where L, is the flow-matching reconstruction loss, Lxkr, is a KL regulariser on the IDM posterior, and Lggy, is a gradient-
reversal embodiment-invariance term used to encourage the latent action to ignore embodiment-specific nuisance. The IDM,
action interface, FDM, and MCL projection heads are trained jointly; the causal VAE remains frozen.

What MCL adds, and what we test. Without MCL, the action-conditioning channel is shaped only passively by the
reconstruction loss; nothing forces distinct latent actions to induce distinct mechanisms in the FDM. MCL closes that gap:
it makes mechanism diversity along u; an active target, contrasting how the FDM’s mechanism gradient changes when u,
varies across the in-batch action samples. The structural claim we will verify, against an MCL-free baseline and against a
non-action-conditioned forward model, is that MCL on the action conditioning improves both visual prediction quality and
action-following accuracy by enforcing sufficient GMD on the action variable.

E. PyTorch Implementation of MCL

For reproducibility we provide a self-contained PyTorch implementation of the Mechanistic Contrastive Learning loss. We
first present the primary loss (Algorithm 1) that captures the core mechanism-gradient — projection — InfoNCE pipeline used
throughout the paper, then give the full implementation (Algorithm 2) including the projection-head module MLPPro j and
the mechanism-critic module MechanismCritic that we use in the image and world-model experiments. The same loss
applies to every host model in our experiments (MD-VAE, MDDiff, ACG-WM); only the host components change. The loss
adds to the host’s reconstruction objective with weight Avicr, as £ = Liec + Amcr £LMcL-

E.1. Primary MCL Loss

E.2. Full Code

The full implementation we use in practice adds the two-layer projection head MLPPro j, the default mechanism critic
MechanismCritic, and the InfoNCE wrapper used in our image and world-model experiments.

22

CVPR
#35



CVPR
#35

CVPR 2026 Submission #35. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Algorithm 1. Primary PyTorch implementation of the MCL loss. The host generator decoder_G produces X from a batch
of latents and conditioning signals; the critic scores how strongly the realized mechanism depends on z; the autograd of the
critic w.r.t. z yields the per-sample mechanism gradient, which is contrasted via InfoNCE against the projected conditioning
embedding.

, Pi_u, tau= )
wun
decoder_G : callable (z, u) —> x_hat
Z : latent batch, shape (B, ...)
u : conditioning batch, shape (B, d_u)
critic : (x_hat, z, u) —-> mechanism score per sample

Pi_g, Pi_u: projection heads to shared embedding space

wun

g = torch.autograd.grad(s.sum(), z, create_graph=True) [

pﬁ
]
-
o
|
Q
Fh
I~
IS
<
Il

( o] g.norm(dim=1,
k = Pi_u(u); k = k / k.norm(dim=1,

F. Additional Experimental Results
F.1. Effect of Mechanism Diversity

A central claim of Theorem 1 is that identifiability strengthens monotonically with the size of the conditioning alphabet |/]:
more distinct mechanisms produce more linearly-independent constraints on the generator Jacobian, eventually saturating the
sufficient GMD condition (Assumption 2, which requires |/| > 2d, + 1). Table 5 reports MD-VAE’s median MCC across
|U| € {2,4,8,16,32} at d, € {5, 10,20}, fixing all other settings of Appendix D.3.

Table 5. Effect of conditioning-set size |I{| on MD-VAE’s median MCC (1, 30 seeds).

U =2 U =4 U =8 U=16 =32

d, =5 0.51 0.79 0.96 0.97 0.97
d, =10 0.43 0.62 0.84 0.93 0.94
d, =20 0.39 0.51 0.71 0.86 0.92

The rows confirm two predictions of the theory: (i) for fixed d., MCC rises with ||, mirroring the increase in mechanism
diversity; (ii) higher-dimensional latents require more conditioning values before performance saturates. The threshold
|U| > 2d. + 1 in Assumption 2 is sufficient rather than necessary, so low-noise simulations can begin to saturate before the
conservative bound is reached. The qualitative behaviour still matches the GMD identifiability principle: contrasting more
mechanisms produces more identifiable representations.
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F.2. Generation Quality of MDDiff

A representation is only useful if the generator that produces it remains a competent image model. Table 6 reports FID
(sample quality) and LPIPS (reconstruction fidelity) for MDDiff and the strongest diffusion baseline EncDiff [61] on the
three benchmarks of Section 5.2. MDDiff preserves generation quality while delivering the disentanglement gains reported in
Table 1; on Cars3D it actually improves FID and LPIPS, and on Shapes3D the two methods are statistically tied. MPI3D
shows a modest FID gap that we attribute to the smaller A\y;cr, used for that dataset (Appendix D); LPIPS is unchanged.

Table 6. Generation quality (FID |, LPIPS |).

Cars3D Shapes3D MPI3D
Method FID | LPIPS | FID | LPIPS | FID | LPIPS |
EncDiff 62.31+328 0.07+0.03 5.33+068 0.01+001 4.06+060 0.01+001
MDDiff (Ours) 39.32+6.67 0.03+002 5.52+078 0.01+001 7.10+2.12 0.01+ 0.01

F.3. Latent Traversals

Latent traversals offer a complementary view of factoredness to the factor-swapping results in the main paper (Figure 6):
holding all other dimensions fixed and sweeping one dimension across its range should produce smooth, single-factor change
in the generated image. Figure 8 reports MDDIff traversals on all three benchmarks; each row corresponds to one latent
dimension and isolates one semantic factor (wall colour, floor colour, object colour, shape, orientation, scale on Shapes3D;
analogous factors on Cars3D and MPI3D).

F.4. Cross-attention Maps

Cross-attention maps complement latent traversals by exposing how mechanism diversity manifests inside the generator: each
concept token (one per latent dimension) modulates the denoising U-Net through cross-attention, and each token’s attention
should localise to the spatial region of its factor. Figure 9 visualises the cross-attention weights between concept tokens
(columns) and spatial locations across the three benchmarks; each token attends to the spatial region corresponding to its
factor, evidence that MCL produces semantically meaningful, spatially-localised modulation in the generator.
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Figure 9. Cross-attention maps on all three benchmarks. Columns show concept tokens; rows show spatial locations in the
denoising network.

G. Extended Related Work
G.1. Why Existing Generative Models Can Be Factored

Theorem 1 explains why conditioning makes generative models learn factored representations, and when they fail. Two major
families instantiate the GMD regime (Figure 3, bottom row). In conditional image generation, text-to-image models [41, 50, 52]
and diffusion-based disentanglement methods [60, 61] let text or concept tokens reshape the denoising network at every
layer; the latent code z encodes stochastic content while u controls semantics, creating mechanism diversity that factors the
latent space. In generative world models [15, 16, 18, 69], actions a; reshape the latent dynamics model g(z;, a;); similarly,
decision-as-generation methods [1, 7, 28] condition trajectory generation on returns or skills. Identifiability in world models is
particularly important: a factored latent state means each dimension captures a physically meaningful quantity (object position,
velocity, contact state), enabling compositional generalization to novel scenes, faithful physical reasoning, and interpretable
planning. In both families, sufficient diversity in u provably factors the latent state by Theorem 1. However, none of these
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models were designed with GMD in mind; whether Assumption 2 holds depends entirely on the data and architecture, with no
explicit control. This motivates the active approach of Section 4.

G.2. Theoretical Foundations of LRD: Auxiliary-Variable Identifiability

The classical LRD identifiability result of Hyvarinen et al. [27] treats the case where an auxiliary variable u shifts the
latent distribution while the generator g stays fixed. Translating their notation into ours (z for source, u for auxiliary, x for
observation, g for mixing function), the setup is:

Setup. Observations are produced by an invertible mixing x = g(z), with g € C? and z € R%. The latent density is
conditionally factorial given the auxiliary,

d-
plz|w) = [Int ).

and each one-dimensional conditional belongs to an exponential family of order k:

k
logpi(zi [ W) = > T, ;(2:) Aij(n) — log Zi(u) + log Qi(z:),

j=1

where T; ; : R — R are the sufficient statistics, A; ;(u) € R the natural parameters, Z;(u) the normalizer, and (); a base
measure. Stacking the natural parameters yields A(u) € RF9=,

Sufficient diversity (Assumption of 27, Theorem 3). There exist kd, + 1 values u(®, u™ ... u®9-) such that the matrix
of contrasts
L = [Aa®) = x®), ..., AaP®)) — A@u®)] e Rid-xkd-

is invertible.

Result. Under the setup and the sufficient-diversity condition, the latent code z is identifiable from x up to a permutation
and a componentwise invertible transformation [27, Theorem 3].

Why this is LRD. Identifiability hinges entirely on the auxiliary u shifting the latent distribution p(z | u) across enough
values; the generator ¢ is fixed and contributes no u-dependent variability. This is exactly the LRD principle of Section 2. Our
GMD condition (Theorem 1) replaces the diversity requirement on p(z | u) with an analogous condition on the generator
Jacobian Jy(z, u), which is what makes our identifiability result strictly more expressive in the conditional generative regime
(Proposition 1).

G.3. Theoretical Foundations of Regularization: Sparsity-Based Identifiability

The classical regularization-based identifiability result of Zheng et al. [68] obtains identifiability without any auxiliary
variable, by imposing a structural sparsity constraint on the generator instead. We restate it in the notation of our paper.

Setup. Observations are produced by an invertible mixing x = g(z), g € C2, with z € R% drawn from a fixed prior p(z)
that does not depend on any auxiliary variable. Identifiability is recovered through structural assumptions on g and on p(z).

Structural sparsity assumption (68, Definition 3). The Jacobian J,(z) of the mixing function has a structural sparsity
pattern: there exists a binary support M € {0, 1}9=*?= such that 9g,/0z; = 0 whenever M, ; = 0, for p(z)-a.e. z. Each
row of M is constrained to have at most a small number of non-zero entries, and the column supports are required to be
distinguishable so that no two latent coordinates have the same set of dependent observation coordinates.

Non-degeneracy conditions (68, Theorem 3.5). The following two conditions ensure that latent coordinates are non-
redundant: (i) the prior p(z) is fully supported on R%: and admits a C! density, and (ii) the second-order partial derivatives
02g,/02;0z; satisfy a generic linear-independence condition across the support of p(z), ruling out degenerate mixing
functions.
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Result. Under the setup, the structural sparsity assumption, and the non-degeneracy conditions, the latent code z is identifiable
from x up to a permutation and a componentwise invertible transformation [68, Theorem 3.5].

Why this is regularization. Identifiability hinges on a structural constraint on the generator, in this case sparsity of .J,,
rather than on auxiliary diversity. This is exactly the Regularization principle of Section 2, of which L; /Lo penalties on the
generator Jacobian are the practical instantiation. Our GMD condition does not require sparsity of J,; it instead asks that .J,
vary sufficiently across u, which is a complementary structural property and the basis of MCL.

G.4. Categorizing Methods by Principle

Table 7 categorizes representative methods according to which of the three principles for factored representations they employ
(cf. Figure 2). A key distinction emerges: many conditional generative models passively operate in the GMD regime (the
conditioning signal enters the generator architecturally), but none actively encourage sufficient mechanism diversity across
conditioning signals. Our MCL is the first method that explicitly enforces the sufficient GMD condition (Assumption 2),
turning passive architectural mechanism diversity into a controllable, provable guarantee.

LRD N GMD. Methods in this intersection let u enter both the latent distribution and the generator. Conditional VAEs [53]
have this structure by design: the prior p(z | u) and the decoder p(x | z, u) both depend on u. Classifier-guided diffusion [9]
adds a classifier gradient to the sampling trajectory, shifting the effective latent distribution, on top of a class-conditional
denoiser that reshapes the generator. DALL-E 2 [43] factorizes generation as P(x | y) = P(x | z,y) P(z | y): the text
caption y enters both the diffusion prior over CLIP embeddings and the decoder. VQ-VAE-2 [44] combines all three principles:
vector quantization, top-level codes conditioning the autoregressive prior over bottom-level codes, and top-level codes entering
the feed-forward decoder.

Regularization N GMD. Methods here apply explicit or implicit regularization to a conditional generator. EncDiff [61]
conditions a latent diffusion model on concept tokens via cross-attention, with the diffusion information bottleneck serving as
implicit regularization. DisDiff [60] decomposes the score into per-factor sub-gradient fields, a structural sparsity constraint,
and conditions each field on a discovered factor. The Hessian Penalty [42] regularizes the off-diagonal Hessian of a
GAN generator with respect to its latent input, encouraging axis-aligned disentanglement. VQ-VAE [54] combines vector
quantization with a decoder conditioned on discrete codes. InfoDiffusion [59] adds a mutual-information maximization penalty
to a latent-conditioned diffusion model to prevent posterior collapse.

LRD N Regularization. Methods here combine auxiliary-variable-driven distributional shifts with structural constraints.

Lachapelle et al. [33] use temporal or interventional auxiliary variables together with binary-mask sparsity on the causal graph;
neither alone suffices for identifiability. SlowVAE [31] uses temporal context as the auxiliary variable and a Laplace sparse
prior on temporal differences. CITRIS [36] observes intervention targets and constrains the transition model to respect a
factored causal structure. TDRL [63] leverages distribution shifts across environments with a modular, sparse mechanism-shift
assumption.

H. Recommendations for Future Work

This work introduces mechanism diversity as a sufficient condition for factored generative models, and operationalises it
through Mechanistic Contrastive Learning (MCL). We see three open directions where the same principle has the potential to
extend beyond the identifiability benchmarks studied here.

H.1. Beyond Factored Generative Models

Motivation. The notion of factoredness in Section 3.2, inherited from nonlinear ICA, is a stricter target than what most
modern conditional generators are built or evaluated against. Large text-to-image diffusion [41, 50, 52], controllable video
diffusion [3], visual world models [16, 69], and multi-modal generators routinely operate without ground-truth factors yet still
benefit from compositional, controllable behaviour at the conditioning interface.
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Table 7. Categorizing methods by principle. e = active (an explicit loss term encourages the principle); o = passive (satisfied

by model architecture/design only, no dedicated loss).

Region Method LRD Reg. GMD Mechanism
iVAE [29] o Conditional prior p(z|u) (architectural)
LRD only TCL [25] ° Contrastive classification loss over time seg-
ments
CPC [40] ° InfoNCE contrastive loss over temporal win-
dows
B-VAE [21] ° Upweighted KL penalty (8 > 1)
Ree. onl FactorVAE [30] ° TC penalty via learned discriminator
& onty Sparse ICA [68] ° L sparsity on generator Jacobian
Tripod [22] . Quantization + MI + Hessian penalty losses
Active GMD MDDiff / MCL (Ours) . Sncirsltrastlve loss on generator Jacobian gradi-
MD-VAE (Ours) ° Conditional VAE with mechanism-diverse de-
coder
CVAE [53] o o Prior p(z|u) + decoder p(x|z,u) (both archi-
LRD N GMD tectural)
Classifier Guidance [9] . o Classifier loss shifts sampling; denoiser cond.
ony
DALL-E 2 [43] o o Diffusion prior P(z|y) + decoder P(x|z,y)
EncDiff [61] o ) Architectural bottleneck + cross-attn condition-
ing
Reg. N GMD  DisDiff [60] . o Disentangling loss + per-factor sub-gradient
fields
Hessian Penalty [42] ° o Hessian reg. loss + class-conditional GAN
VQ-VAE [54] ° o VQ + commitment losses + code-conditioned
decoder
InfoDiffusion [59] ° ) MI maximization loss + latent-conditioned dif-
fusion
All three VQ-VAE-2 [44] o ° o VQ loss (active reg.) + cond. prior + cond.
decoder
Mech. Sparsity [33] o ° Cond. prior (passive) + L1 mask sparsity (ac-
LRD N R tive)
i SlowVAE [31] o ° Temporal prior (passive) + Laplace sparse
penalty
CITRIS [36] o ° Intervention prior (passive) + factored assign-
ment loss
TDRL [63] o ° Shift prior (passive) + modular mechanism loss
Conjecture. The mechanism-diversity principle should still apply in this regime: whenever u varies sufficiently across

instances, the per-condition Jacobian family is structurally distinguishable, which is precisely what MCL contrasts. We expect
an MCL-style objective added to a controllable generator to improve compositional generalization, prompt following, and
conditioning-slot reusability, even without an identifiability proof, in the same way that mechanism contrast already improves
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disentanglement scores at the benchmark scale (Table 1).
Open question. What should factoredness mean for a billion-parameter text-to-image model, and which theoretical
guarantees survive the absence of canonical ground-truth factors?

H.2. MCL as Fine-tuning of Large Pretrained Models

Motivation. Pretraining of large generative models is necessarily passive: the conditioning signal is whatever caption,

label, or action happens to accompany each datapoint at web scale, and no explicit objective enforces mechanism contrast.

Fine-tuning is where domain-specific expert knowledge enters the model, through methods such as LoRA [23], ControlNet [67],
and DreamBooth [51]. These methods add new conditioning channels but do not certify that distinct conditioning values
produce distinct mechanisms.

Position. MCL is the natural active counterpart: a contrastive signal that explicitly enforces mechanism shift across
conditioning values. This paper already demonstrates the recipe at the disentanglement scale: we first pretrain MDDiff as a
u-conditioned generator on disentangled concepts, and then apply MCL as a fine-tuning objective on top of that pretrained
MDDiff checkpoint to drive both DCI and FactorVAE upward (Figure 5, Section 5.2). Scaling to frontier diffusion and
world-model backbones should marry the data diversity captured by pretraining with the mechanism diversity needed for
compositional control, yielding a sample-efficient route to factored controllable generators without retraining.

Open questions. Which layers of a U-Net or DiT should host the projection heads? How should MCL be balanced against
the original denoising loss? Is parameter-efficient fine-tuning of the projection-head subspace alone sufficient?

H.3. Multi-objective, Multi-auxiliary Mechanism Contrast

Motivation. Realistic generative pipelines pair several auxiliary variables (text caption, robot action, audio cue, regime
index) with several generative objectives (image, video, control trajectory, language). Examples include video-action
world models [69], manipulation diffusion policies [7], and decision-as-generation pipelines [1, 28]. MCL as defined in
Section 4 contrasts one mechanism gradient against one conditioning embedding, which is well-matched to single-auxiliary,
single-objective settings but leaves the multi-axis setting open.

Open questions. Should each auxiliary u(*) carry its own projection head and InfoNCE term, or should the contrastive
signal be jointly normalized across auxiliaries? Does the sufficient-GMD condition decompose objective-by-objective, or does
identifiability require simultaneous diversity across all u(*)? How does the mechanism-shift principle behave when auxiliaries
are causally entangled, e.g. an action partially explains the next observation while a text caption only describes high-level
semantics?
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Algorithm 2. Full PyTorch implementation of MCL: the projection-head module, default mechanism-critic module, and the
InfoNCE mechanism-gradient loss with optional separate keys.

import torch
import torch.nn as nn
import torch.nn.functional as F

def 12norm(x: torch.Tensor, eps: float = 1le-8) -> torch.Tensor:
return x / (x.norm(dim=1, keepdim=True) + eps)

def info_nce_from_gk (g, k, tau: float = 0.1) -> torch.Tensor:
logits = (g @ k.t ()) / (tau + le-12)
labels = torch.arange(q.size(0), device=qg.device)

return F.cross_entropy (logits, labels)

class MLPProj(nn.Module) :

def __init__ (self, in_dim, out_dim=128, layernorm=False):
super () .__init__ ()
layers = []

if layernorm:
layers.append (nn.LayerNorm(in_dim))
layers += [nn.Linear (in_dim, out_dim),
nn.RelU (inplace=True),
nn.Linear (out_dim, out_dim) ]
self.net = nn.Sequential (xlayers)

def forward(self, x
return self.net (x)

class MechanismCritic (nn.Module) :
def __init__ (self, z_shape=(3, 16, 16), u_dim=20, hidden=256)

super () .__init__ ()
zc, zh, zw = z_shape
self.img = nn.Sequential

(
nn.Conv2d (3, 64, 4, 2, 1), nn.ReLU(True),
nn.Conv2d (64, 128, 4, 2, 1), nn.ReLU(True),
nn.AdaptiveAvgPool2d (1),
)
self.z_fc = nn.Linear (zc * zh » zw, hidden)
self.u_fc = nn.Linear (u_dim, hidden)

self.out = nn.Sequential (nn.ReLU(True), nn.Linear (hidden, 1)

def forward(self, x_hat, z, u):

img_feat = self.img(x_hat).flatten (1)
z_feat = self.z_fc(z.flatten(l)
u_feat = self.u_fc(u)
if img_feat.size(l) < z_feat.size(1):

img_feat = F.pad(img_feat,

(0, z_feat.size(l) - img_feat.size(1l)))

else:

img_feat = img_feat[:, :z_feat.size(1l)]
return self.out (z_feat + u_feat + img_feat) .squeeze (1)

def mcl_infonce_mechgrad_loss (decoder_G, z, u_key, =,
u_for_G=None,
critic, Pi_g, Pi_u,
tau: float = 0.1
create_graph: bool = False):
"""InfoNCE mechanism-gradient loss with optional separate keys.

u_key : auxiliary used as the contrastive key

u_for_G : conditioning fed to decoder/critic (defaults to u_key)
wnn

u = u_key

uG = u_for_G if u_for_G is not None else u

z = z.requires_grad_ (True)

x_hat = decoder_G(z, uG)

s = critic(x_hat, z, uG)

g = torch.autograd.grad(s.sum(), z, create_graph=create_graph) [0]

g = 12norm(Pi_g(g.flatten(1l)))
k = 12norm(Pi_u(u))
return info_nce_from_gk (g, k, tau=tau)
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Figure 8. Latent traversals on all three benchmarks. Each row varies a single MDDiff latent dimension while keeping the
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