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Abstract

Disentangled representations separate factors that
are shared across conditions from those that are
condition-specific. Such separation is needed for
generalization to new domains, treatments, pa-
tients, or species. A dominant line of work pur-
sues this goal through variational formulations.
While these approaches achieve partial disentan-
glement, they often exhibit three common limi-
tations: they either do not remove all condition-
specific information from the condition-specific
representation, allow the condition-specific rep-
resentation to become uninformative, or impose
independence assumptions that do not reflect
the underlying generative process. In this work,
we introduce DisCoVR, a variational framework
that addresses these limitations. Its objective
is aligned with the probabilistic structure of the
data-generating process, and includes an adversar-
ial term that prevents condition-specific informa-
tion from being encoded in the condition-specific
representation. DisCoVR reconstructs the data
from both shared and condition-specific repre-
sentations, ensuring that each remains informa-
tive, and uses a structured prior that further re-
inforces the informativeness of both representa-
tions. We show that across synthetic, image, and
single-cell RNA-sequencing datasets, DisCoVR
achieves stronger disentanglement compared to
previous approaches.
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1. Introduction
Neural network–based models excel at learning rich rep-
resentations of complex data, and are increasingly used in
settings where each observation x ∈ X ⊆ Rd is paired with
a condition label y ∈ {1, . . . ,K}, such as patient, site, or
experimental condition. Generalizing these representations
to new domains often requires disentangling factors shared
across conditions from those specific to each y.

Generative models provide a natural framework for un-
covering latent structure and learning data representations,
with prominent examples including Generative Adversar-
ial Networks (GANs) (Goodfellow et al., 2020), Varia-
tional Autoencoders (VAEs) (Kingma & Welling, 2014),
and diffusion models (Sohl-Dickstein et al., 2015; Ho et al.,
2020). Among these, VAEs and their extensions are particu-
larly well-suited to transfer learning and domain adaptation
(Akrami et al., 2020; Lovrić et al., 2021; Godinez et al.,
2022; Zhang et al., 2023), thanks to their probabilistic foun-
dation and ability to capture uncertainty.

Accordingly, several VAE-based methods have been pro-
posed to integrate data across multiple conditions or sources
(Xu et al., 2021; Lotfollahi et al., 2019; Boyeau et al., 2022),
but only a few explicitly disentangle invariant and condition-
specific components (Sohn et al., 2015; Klys et al., 2018;
Joy et al., 2020; Ilse et al., 2020).

While these approaches improve separation to some degree,
they either (i) leave the shared component free to retain label
information without an explicit mechanism enforcing invari-
ance (Sohn et al., 2015; Ilse et al., 2020), (ii) reconstruct
x jointly from the invariant and condition-specific compo-
nents, so that the invariant one can remain uninformative
(Klys et al., 2018), (iii) impose independence assumptions
that misalign with the underlying generative structure (Ilse
et al., 2020), or (iv) encode in their priors the assumption
that the invariant representation in fact can vary with the
label (Joy et al., 2020).

In this work, we introduce a framework for learning dis-
entangled representations in multi-condition datasets that
addresses these limitations: (a) We formulate a principled
probabilistic objective that encodes the correct conditional
independencies. (b) We specify a prior structure in which
the condition-specific representationw depends on the mean
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of the invariant representation z. Since w depends only on
class-specific aggregation of z, the invariant representation
cannot absorb condition-specific leakage from w, while
forcing z to remain informative. (c) Our method uses re-
construction paths from both representations, which further
enforces informativeness of z. (d) The resulting optimiza-
tion objective includes an adversarial term that explicitly
discourages leakage of condition-specific information into
the invariant representation.

Our approach formulates disentanglement as a max–min
game, which we show to admit a unique equilibrium. Empir-
ically, we show through extensive experiments on synthetic
benchmarks and real-world datasets, that our method consis-
tently improves over existing approaches in disentangling
shared and condition-specific structure.

2. DisCoVR: Disentangling Common and
Variant Representations

For the task of learning disentangled representations
from multi-condition data, we consider a dataset D =
{(xi, yi)}ni=1 consisting of inputs xi ∈ X ⊆ Rd collected
from associated condition labels yi ∈ {1, . . . ,K}. For each
class k (corresponding to a study or experimental condi-
tion), the associated subset Dk := {xi : yi = k} consists
of i.i.d. samples drawn from a class-conditional distribution
p(x | y = k).

2.1. Model assumptions

We assume that the data is generated by latent variables z
andw, such that the joint distribution p(x, y, z, w) factorizes
according to the probabilistic graphical model illustrated in
Figure 1, i.e.,

p(x, y, z, w) = p(y) p(w | y) p(z) p(x | z, w). (1)

This model encodes two key conditional independence as-
sumptions:

1. Latent variable conditional independence: Given the
condition y, the latent representations z and w are
conditionally independent: z ⊥ w | y.

2. Sufficiency of the condition-aware latent representa-
tion: The input x is conditionally independent of the
condition y given w: x ⊥ y | w.

Note that in this formulation, z and w are no longer inde-
pendent if conditioned also on x, that is, z ̸⊥ w | x, y.

2.2. Target posterior structure

In our model, each observation x is generated from two la-
tent variables: z, which is condition-invariant, andw, which

y w

z

x

Figure 1. Probabilistic graphical model: gray circles denote ob-
served variables, white circles show latent variables.

is condition-aware through its dependence on y. Our goal is
to learn probabilistic representations where the marginals of
z and w preserve this structure, yielding disentangled fac-
tors. That is, we aim to approximate the posterior pz,wjx,y .

However, approximating the full posterior with a variational
distribution qz,wjx,y is intractable: even for simple varia-
tional families such as Gaussians, modeling the dependen-
cies between z and w requires a full covariance structure,
which is computationally prohibitive in high dimensions.
To mitigate this, we employ a factorized approximation
qzjx qwjx,y .

Our variational approximation is guided by two complemen-
tary objectives: (i) qzjx closely approximating the marginal
posterior pzjx; and (ii) the product qzjx qwjx,y closely ap-
proximating the true posterior pz,wjx,y . Formally, given vari-
ational families1 Qz andQw we seek to find q�zjx ∈ Qz and
q�wjx,y ∈ Qw that minimize the following sum of Kullback-
Leibler (KL) divergences:

q�zjx, q
�
wjx,y = arg min

qzjx2Qz

qwjx;y2Qw

�
DKL(qzjx ∥ pzjx) (2)

+DKL(qzjx qwjx,y ∥ pz,wjx,y)
�
.

2.3. Optimization objective

Since direct evaluation of the KL divergences in Equation 2
is intractable, we optimize a surrogate objective consisting
of two ELBO terms.

The corresponding ELBO objective to minimize
DKL(qzjx ∥ pzjx) is

Lz(qzjx, p;x) := Eqzjx [log p(x | z)]−DKL(qzjx ∥ pz),
(3)

and the ELBO objective for the second KL term,
DKL(qzjxqwjx,y ∥ pz,wjx,y), is

Lw(qwjx,y, p;x, y) := Eqzjx

�
Eqwjx;y

[log (p(x|z, w))]
�

−DKL

�
qzjx ∥ pz

�
−DKL

�
qwjx,y ∥ pwjy

�
. (4)

Note that Lw(qwjx,y, p;x, y) is the ELBO objective that cor-
responds to a factorized posterior qzjxqwjx,y . In Proposition
2.1 we examine the gap between this objective and an ELBO

1Here we consider general families and specify our concrete
choices in §2.4.
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corresponding to a full variational posterior. This can be
interpreted as the cost of enforcing a condition-invariant
latent representation, specifically, constraining z to depend
only on x.

Proposition 2.1. For random variables x, y, z, w following
the graphical model in Figure 1,

ELBO(q, p;x, y)− Lw(qwjx,y, p;x, y)
= Eqwjx;y

�
KL
�
qzjx ∥ pzjw,x,y

��
where

ELBO(q, p;x, y) := log p(x | y)−DKL

�
qwjx,y ∥ pwjx,y

�
.

The proof is provided in Appendix B.1.

Note that a full definition of the objectives in Equations
3 and 4 requires the specification of corresponding prior
distributions, namely pz and pwjy . We defer their definitions
to §2.4.

Equation 4 provides an evidence lower bound on the con-
ditional log-likelihood log p(x | y). By adding log p(y),
this bound extends to the joint log-marginal likelihood
log p(x, y). Beyond optimizing this objective, we aim to en-
sure that the marginal distribution over y implicitly induced
by the latent representations is consistent with the true p(y).

To this end, we introduce an auxiliary classifier g(y | z) as a
form of posterior regularization (Ganchev et al., 2010). This
classifier captures the residual predictive signal about y in
z and is trained by minimizing the expected negative log-
likelihood −Eq(zjx) log g(y | z). If z is truly independent
of y, then g(y | z) will approximate the marginal distri-
bution p(y). By penalizing deviations from this behavior,
we enforce the structural constraint z ⊥ y in the learned
representation.

For this term to effectively encourage qzjx to discard
condition-specific information, the classifier gyjz ∈ G must
be trained adversarially, with its own update step. This pre-
vents degenerate solutions in which the loss is minimized
without removing information about y from z, for example,
by collapsing g to a constant predictor that ignores its input.

Combining the three terms above, we define the objective

L(qzjx, qwjx,y, gyjz;x, y) (5)
= Lz(qzjx, p;x) + Lw(qwjx,y, p;x, y)− Eqzjx log g(y | z),

which can be explicitly expressed as

L(qzjx, qwjx,y, gyjz;x, y) := Eqzjx [log p(x | z)] (6)

+ Eqzjx

�
Eqwjx;y

[log p(x | z, w)]
�
− Eqzjx [log g(y | z)]

− 2DKL(qzjx ∥ pz)−DKL

�
qwjx,y ∥ pwjy

�
.

Finally, to enable flexible trade-offs between reconstruction
expressiveness and disentanglement, we introduce weight-
ing terms α = (α1, α2) into the objective following the
motivation of β-VAEs (Higgins et al., 2017):

Lα(qzjx, qwjx,y, gyjz;x, y) := Eqzjx [log p(x | z)] (7)

+ Eqzjx

�
Eqwjx;y

[log p(x | z, w)]
�
− Eqzjx log g(y | z)

− α1DKL(qzjx ∥ pz)− α2DKL

�
qwjx,y ∥ pwjy

�
.

Accordingly, the mean weighted objective is suitable for
max-min optimization of the form: (8)

max
qzjx2Qz

max
qwjx;y2Qw

min
gyjz2G

Epx;y

�
Lα(qzjx, qwjx,y, gyjz;x, y)

�
.

2.4. Latent prior models and variational
approximations

Prior specification We place a standard Normal prior over
the condition-invariant latent variable, pz = N (0, I), which
reflects a non-informative prior belief over its values.

For the condition-aware latent variable w, we define a class-
conditional Gaussian prior pwjy . As a simple choice, we let
w have the same dimensionality as z and specify

p(w | y = k)=N (µk, I), µk :=Epxjy=k

�
Eqzjx [z]

�
. (9)

Here µk is the mean of the inferred latent representations z
within the k-th class2.

This specification induces a coupling between the two latent
variables through the data distribution. Aligning pwjy with
the class-wise expectations of the invariant variable, further
encourages qzjx to encode informative representations, since
capturing the shared structure will now not only increase
Lz(qzjx, p;x), but also decrease DKL

�
qwjx,y ∥ pwjy

�
, and

as a result increase Lw(qwjx,y, p;x, y).

However, this coupling between z and w is not defined at
the level of individual samples: The prior for w depends on
z only through the class-wise mean µy = Ep(xjy)Eq(zjx)[z],
not through a given z. Similarly, qzjx never conditions on w
or y, so the invariant representation cannot absorb condition-
specific leakage from w.

Importantly, for a truly condition-agnostic qzjx, the con-
ditional expectations µk will collapse to a shared mean
µ := Epx

�
Eqzjx [z]

�
. In this case pwjy becomes a shared

prior across classes, centered at a meaningful point in the
latent space, rather than an uninformative one.

As the following proposition establishes, this anchoring of
the prior pwjy in the variational distribution qzjx preserves

2Similarly, if z and w have different dimensions, the mean
aggregation can be replaced with a neural network that maps the
inferred representations z for each class to the parameters of the
Gaussian prior.
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the convex–concave structure of the objective, ensuring
that the resulting max-min problem has a unique optimal
solution.

Proposition 2.2. LetQz and Qw be convex parametric
families of variational distributions overz andw, respec-
tively, and letG denote a convex set of classi�ers such
that g(x) 2 [0; 1] for all g 2 G. Assume the latent
priors are given byz � p(z) and p(wjy) = N (� y ; I) ,
wherep(z) is a continuous strictly positive distribution, and
� y = E pxjy

�
Eqzjx [z]

�
. Then, under standard regularity con-

ditions (see Appendix B.2.1), there exists a unique saddle
point:

�
q�

zjx ; q�
wjx;y ; g�

yjz

�

= max
qzjx 2Q z

max
qwjx;y 2Q w

min
gyjz 2G

L(qzjx ; qwjx;y ; gyjz ):

The proof is provided in Appendix B.2.2.

Speci�cation of variational families We set both varia-
tional familiesQz andQw asd-dimensional Gaussian dis-
tributions with diagonal covariance matrices. Accordingly,
each variational distribution is parameterized by a mean
vector� 2 R d and a vector of variances� 2 2 Rd

+ corre-
sponding to the diagonal of the covariance matrix, yielding
� = (�; � 2).

3. Encoder-decoder model

y w j x; y z j x x̂ j z ŷ

x

~x j z; w

Figure 2. Encoder–decoder architecture: the inhibition arrow from
ŷ to x̂ corresponds to the adversarial component.

In order to optimize the objective in Equation 8 with respect
to qzjx ; qwjx;y , andgyjz over the datasetD, we introduce
an encoder-decoder framework (illustrated in Figure 2). In
this framework, two separate reconstructions ofx are gen-
erated: one, denoted̂x � p xjz , wherez is sampled from
the condition-invariant posteriorqzjx , and the other, de-
noted~x � p xjz;w , where in addition,w is sampled from
the condition-aware posteriorqwjx;y . The corresponding
procedure is summarized in Algorithm 1.

Condition-agnostic representation An inputx 2 X is
mapped to the variational parameters� z = (� z ; � 2

z ) by an
encoder neural networkf z

� : X ! R d �R d
+ parametrized by

weights� . A latent encodingz � q � z is then sampled and
mapped to a reconstruction̂x via a decoder neural network
hz

 : Rd ! X parametrized by weights  .

Adversarial classi�er Instead of training a high-capacity
classi�er directly fromz to y, we use the reconstruction̂x
from z, and predicty from x̂ via a simpler modelg� : X̂ !
[0; 1]K (in most cases, implemented as a multinomial logis-
tic regression with class-speci�c weights� = � k

K
k=1 , or a

shallow MLP). Sincêx is a deterministic function ofz, this
is equivalent to applying a restricted classi�er on z. By the
data processing inequality, such a classi�er can only capture
a subset of the informationz contains abouty; as a result,
maximizing this lower bound onI(z; y) also maximizes
I(z; y) itself. Although this substitution weakens the esti-
mation of the cross-entropy term�E qzjx log g(y j z) from
an information-theoretic standpoint, we observed this to be
often advantageous in practice: predictingy from x̂ reduces
the variance introduced by samplingz � q � z , providing
a regularizing effect that preventsq� z from over�tting to
noisy classi�er signals. We empirically evaluate this design
choice in Appendix F, where we compare it to a classi�er
operating directly on z.

Condition aware representation A labeled input pair
(x; y) 2 X � f1; : : : ; Kg is mapped to the parameters
� w = (� w ; � 2

w ) using an encoder neural-networkf w
� :

X � f1; : : : ; Kg ! R d � R d
+ parametrized by weights

� . A samplew � q � w is then drawn, and the pair(z; w) is
mapped to a reconstruction~x via a decoder neural-network
hz;w

� : Rdz +d w ! X , parametrized by weights� . To com-
pute the priorpwjy , we estimate the class-speci�c mean as
�̂ k := 1

n k

P
i;y i =k zi where eachzi � q(z j x i ) is sampled

from the encoder given an inputx i with labelyi = k , and
nk is the number of training points with the label y = k.

In practice, the idealized game in Proposition 2.2 is imple-
mented with the standard relaxations used in VAE-based
models. Speci�cally, we use a single-sample Monte Carlo
estimate to approximate the expectations in Equation 8. In-
stead of directly sampling fromq� , we employ the reparame-
terization trick to enable differentiable sampling: we sample
� � N (0; I) and obtain a sample fromq� by applying a
deterministic transformation of� based on the variational
parameters �.

4. Comparison to previous approaches

Here we review VAE-based methods for disentangled repre-
sentation learning, which form the primary basis for com-
parison with our approach. Broader related literature is
discussed in Appendix A.

VAEs (Kingma & Welling, 2014) are generative models
that learn latent representations by maximizing the evidence
lower bound (ELBO) on the data log-likelihood:

Eqzjx [log p(x j z)] � D KL
�
qzjx k pz

�
� log p(x);

where(x; z) � p , andzjx � q is a latent variable inferred
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Algorithm 1

Input: Data D = fx 1:n ; y1:n g, number of training it-
erationsJ , initial parameters� (0) ;  (0) ; � (0) ; � (0) ; � (0) ,
learning rates 
1; 
 2, weighting terms � = (� 1; � 2)
for 1 � j � J do

Compute �z = f z
� z (x) and � w = f w

� (j�1) (x; y)
Sample condition invariant and aware latent variables
z � q � z and w � q � w

Compute reconstructionŝx = h z
 (j�1) (z) and ~x =

hz;w
� (j�1) (z; w)

Compute condition prediction ŷ = g� (j�1) (x̂)
Update classi�er parameters:

� (j)  � (j�1) � 
 1r � L � (qzjx ; qwjx;y ; gyjz )

with the gradient evaluated at


 (j�1) :=
�

� (j�1) ;  (j�1) ; � (j�1) ; � (j�1)
�

:

Update encoder and decoder parameters 
(j)


 (j)  
 (j�1) + 
 2r �; ;�;� L � (qzjx ; qwjx;y ; gyjz )

with the gradient evaluated at �(j) .
end for
Return: � (J) , 
 (J) =

�
� (J) ;  (J) ; � (J) ; � (J)

�
.

from data. VAEs consist of an encoderqzjx that maps inputs
to latent distributions, and a decoderpxjz that reconstructs
inputs from latent representations. The learning process
frames posterior inference as KL-regularized optimization
over a variational familyQ, aiming to approximate the pos-
teriorpzjx under a typically simple priorp(z). Several VAE
extensions were proposed to encourage disentanglement.
These are discussed below.

Conditional VAEs (Sohn et al., 2015) incorporate supervi-
sion into the standard VAE model by conditioning both the
encoder and decoder on an observed labely, yielding the
following objective:

Eqzjx;y [log p(xjz; y)] � D KL (q(zjx; y)kp(z)) :

While this allows controlled generation and partial disentan-
glement betweenz andy, since the priorp(z) is global (e.g.
N (0; I) ) andz is inferred from bothx andy, no mechanism
forcesz to discard label information. On the contrary, en-
coding bothx-speci�c andy-speci�c information inz will
improve reconstruction error.

Conditional Subspace VAEs (CSVAEs) (Klys et al., 2018),
explicitly factorize the latent space into a shared component
z and a label-speci�c componentw (see Supplementary Fig-
ure 1a). Similarly, their hierarchical extension (Beker et al.,

2024) introduces an intermediate latent variable betweenx
and(z; w). As in our approach, to encourage disentangle-
ment, CSVAEs introduce an adversarial regularization term
that penalizes mutual information betweenz andy, thereby
discouraging predictability ofy from z. They are learned
by optimizing

Eqz;wjx;y [log p(x j w; y)]�E qzjx

� Z
g(y j z) log g(y j z) dy

�

�D KL
�
qwjx;y k qwjy

�
�D KL

�
qzjx k pz

�
:

However, here the reconstructionp(x j w; y) uses only
the condition-speci�c representationw, and therefore may
result in uninformative invariant representation z.

Domain Invariant VAEs (DIVA) (Ilse et al., 2020), shown
in Supplementary Figure 1b, introduce two latent variables,
z andw, wherew captures label-related features by jointly
optimizing a classi�erq(y j w) alongside the remaining
objective. For fully supervised cases, the DIVA model opti-
mizes

Eqz;wjx [log p(x j z; w)] + E qwjx [log q(y j w)]

� D KL
�
qzjx kpz

�
� D KL

�
qwjx kpwjy

�
:

This objective corresponds to the assumptionsx ? y j
z; w andz ? w unconditionally, and therefore does not
match the true posterior dependencies once conditioned on
x. Furthermore, since the objective does not include an
adversarial term acting onz, it may still encode information
regarding y.

Characteristic-capturing VAEs (CCVAE) (Joy et al.,
2020) assume the same probabilistic model as DIVA (shown
in Supplementary Figure 1b), but optimize a different objec-
tive,

Eqz;wjx;y

�
q(y j w)
q(y j x)

log
p(x j z; w)
q(y j w)

�

� D KL
�
qzjx kpzjy

�
� D KL

�
qwjx kpwjy

�
+ log q(y j x):

Here, the priorpzjy encodes the assumption thatz should de-
pend ony, and therefore allows the invariant representation
to in fact be condition-speci�c.

Summary and comparison: Prior methods either lack an
explicit mechanism forcing the shared latentz to discard
label information (Sohn et al., 2015; Ilse et al., 2020), recon-
structx solely from the condition-speci�c representation,
thereby allowing the invariant representationz to remain
uninformative (Klys et al., 2018), impose an unconditional
independence assumptionz ? w that does not match the
true conditional independencies (Ilse et al., 2020), or encode
in the prior that the invariant representationz should in fact
depend on y (Joy et al., 2020).
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Our method addresses these limitations by (i) optimizing
a principled probabilistic objective that enforces the cor-
rect conditional independencies, (ii) placing a prior overw
conditioned on the mean ofz, which keepsz informative
while discouraging leakage of information through label-
speci�c aggregation, (iii) using two distinct reconstruction
paths, from the invariant and condition-speci�c representa-
tions, which further compelz to capture informative shared
structure, and (iv) incorporating an adversarial term that
penalizes leakage of class-speci�c information into the in-
variant representation z.

5. Experiments

Datasets: We evaluate DisCoVR against existing ap-
proaches on synthetic data, natural images, and biologi-
cal data. These datasets were chosen to probe condition-
invariant structure and to ensure comparability with prior
work. For instance, Swiss rolls and CelebA were used in
Klys et al. (2018), and CelebA also in Joy et al. (2020).

Evaluation: When applicable, we evaluate reconstruction
quality using negative log-likelihood (NLL), root mean
squared error (RMSE), and the absolute deviation from the
optimal-Bayes classi�er on the reconstructed data, denoted
as �-Bayes.

Disentanglement is quanti�ed via a neural estimator of the
mutual informationI(z; w) (Belghazi et al., 2018), and
additional disentanglement metrics are reported in Appendix
E. Full model architectures, hyperparameters, and additional
implementation details are provided in Appendix H.

Our results show that DisCoVR achieves superior perfor-
mance across all experiments.

5.1. Simulated data

We begin with controlled synthetic experiments to isolate
and visualize disentanglement.

5.1.1. PARAMETRIC MODEL

Data generating model: Consider a model where the ob-
served datax is generated as a function of two latent vari-
ablesz andw, andy is a binary label. Assume that the
marginal distributions of the latent variables are given by
z � N (0; 1) andw � N (0; 1) , and that the datax is gen-
erated as the sum of the two latent variables:x = z + w .
Sincez andw are both drawn fromN (0; 1), it follows that
x � N (0; 2) . Finally, assume that the binary label is de-
termined by the sign ofw: y = 1 if w > 0 , andy = 0
otherwise.

Optimal disentanglement: Given thatz andw are indepen-
dent andx = z + w , we have thatp(z j x) = N

�
z; x

2 ; 1
2

�
.

Hence, givenx, the best estimate forz is x
2 . Note that when

ignoring the labely, the conditional distributionp(w j x)
is p(w j x) = N

�
w; x

2 ; 1
2

�
. However, the observation ofy

(which indicates whetherw is positive or negative) truncates
this distribution:

p(wjx; y = 1)=
N

�
w; x

2 ; 1
2

�

�
�

xp
2

� ; p(wjx; y = 0)=
N

�
w; x

2 ; 1
2

�

1��
�

xp
2

�

Results: Table 1 shows that DisCoVR (ours) best matches
the analytic posteriors, yielding the lowest Bayes-classi�er
deviation and reconstruction error.

5.1.2. NOISY SWISS ROLL

Dataset: We use a noisy variant of the labeled Swiss
Roll dataset (Marsland, 2014; Klys et al., 2018), generating
n = 20; 000 samples and assigning binary labels based on a
lengthwise split, with labels �ipped at rate� . The common
geometry (its projection along the 2D plane) remains intact,
while the conditional structure along the third axis becomes
noisy. Figure 4A illustrates the setup.

Optimal disentanglement: Since the Swiss Roll is sliced
at the center and label noise is applied uniformly, marginaliz-
ing over labels yields a symmetric spiral centered along the
roll—i.e., the marginal posteriorp(z j x) is label-invariant.
In contrast, the conditional component retains a noisy but in-
formative signal, with a uniform noise level of� = 0:3 . As
a result, the Bayes optimal classi�er trained on any realistic
representation is upper-bounded at 70% accuracy.

Results: Figure 4 presents qualitative and quantitative
results, showing that DisCoVR both models the label noise
accurately and effectively disentangles shared and condition-
speci�c structure. Notably, DisCoVR captures the marginal
data distribution, successfully recovering the expected spiral
pattern, as shown in Figure 4B.

Additionally, the results in Table 2 show that DisCoVR
achieves the lowest deviation from the optimal Bayes classi-
�er and minimal information leakage between latent vari-
ables, while preserving reconstruction quality. This con-
�rms that label information is concentrated inw while z
remains both informative and label-invariant.

5.2. Real data

5.2.1. NOISY COLORED MNIST

Dataset: We construct a modi�ed MNIST (Deng, 2012)
dataset from60; 000duplicated images: in one copy we
remove the red channel (y = 0) and in the other we re-
move the green channel (y = 1), so that the digit shape
remains intact and is carried entirely by the blue channel.
Label noise is introduced by �ippingy with probability
� 2 f0; 0:1; 0:2; 0:3; 0:4g.
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Table 1. Parametric model results: DisCoVR (ours) outperforms all competitors across all metrics.

NLL # DKL (qzjx jj pzjx ) # DKL (qwjx;y jj pwjx;y ) # � – Bayes #

CSVAE No Adv. 1:810 � 0:016 6:65 � 3:46 23:61 � 0:36 24:83 � 0:04
CSVAE 1:786 � 0:022 2:85 � 1:11 23:98 � 4:36 24:33 � 1:28
HCSVAE No Adv. 1:784 � 0:010 4:01 � 0:07 25:82 � 0:38 24:99 � 0:01
HCSVAE 1:770 � 0:004 3:99 � 0:09 26:25 � 0:59 24:99 � 0:01
DIVA 1:788 � 0:008 3:21 � 1:52 12:88 � 3:31 3:51 � 0:32
CCVAE 1:785 � 0:006 1:77 � 0:81 12:95 � 3:35 3:57 � 0:15

DisCoVR (ours) 1:769 � 0:003 0:17 � 0:01 10:10 � 0:73 0:1 � 0:28

Table 2. Noisy Swiss roll results: DisCoVR (ours) yields lowest
deviation from optimal-Bayes, maintains low latent leakage, and
high reconstruction accuracy.

I(z; w) # NLL # � – Bayes #

CSVAE No Adv. 0:047 � 0:023 3:303 � 0:003 23:88 � 12:02
CSVAE 0:031 � 0:025 3:302 � 0:003 17:99 � 14:58
HCSVAE No Adv. 0:024 � 0:012 3:302 � 0:002 30:00 � 0:00
HCSVAE 0:002 � 0:001 3:302 � 0:002 30:00 � 0:00
DIVA 0:336 � 0:083 3:302 � 0:003 1:88 � 1:05
CCVAE 0:502 � 0:089 3:302 � 0:002 2:21 � 0:84

DisCoVR (ours) 0:005 � 0:002 3:302 � 0:002 1:14 � 0:21

Optimal disentanglement: With colors balanced across
labels, the idealz-reconstruction averages colors over labels,
retaining one mixed color (Figure 3).

Results: We evaluate marginal coloring reconstruction
by DisCoVR and previous methods. Under no label noise
(� = 0 ), all methods perform similarly (see Supplementary
Figure 3).

However, at all non-zero noise levels, DisCoVR consistently
outperforms competing methods and is the only approach
that reconstructs digits in purple, correctly averaging over
the two colors.

Metrics for � = 0:3 are shown in Supplementary Table 2,
with results for other noise levels in Supplementary Figure 4.

5.2.2. CELEBA

Glasses attribute: We use all CelebA (Liu et al., 2015)
images labeled with eyeglasses attribute (y = 1), and twice
as many randomly sampled images without glasses (y = 0),
resulting in n = 35; 712 images in total.

Hat attribute: Results for an analogous experiment with
the wearing-hat attribute are provided in Appendix G.

Results: Figure 5 shows that DisCoVR accurately recon-
structs input images while producing shared embeddings
that marginalize over the eyeglasses attribute, consistently
adding "pseudo-glasses" to all samples.

Figure 3. Colored MNIST reconstructions from the label-agnostic
representationz at noise level� = 0:3 . Only DisCoVR consis-
tently produces mixed semi-red/blue (purple) digits, indicating that
color information has been removed fromz and that the recon-
structions approximate the true marginal.

Competing methods are shown in Supplementary Figure 5,
with quantitative results in Supplementary Table 3.

Figure 4. A: Noisy labeled Swiss Roll dataset. B: DisCoVR
recovers the conditional embedding and reconstruction (left), while
the shared embedding recovers the marginal spiral structure (right).
C: Across models, ours best matches the disentangled ideal:z
captures the clean Swiss-roll geometry independently of the label,
while label variation is isolated in w.
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