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Abstract
Variational dimensionality reduction methods are widely used for their accuracy, generative capabil-
ities, and robustness. We introduce a unifying framework that generalizes both such as traditional
and state-of-the-art methods. The framework is based on an interpretation of the multivariate
information bottleneck, trading off the information preserved in an encoder graph (defining what
to compress) against that in a decoder graph (defining a generative model for data). Using this
approach, we rederive existing methods, including the deep variational information bottleneck,
variational autoencoders, and deep multiview information bottleneck. We naturally extend the
deep variational CCA (DVCCA) family to beta-DVCCA and introduce a new method, the deep
variational symmetric information bottleneck (DVSIB). DSIB, the deterministic limit of DVSIB,
connects to modern contrastive learning approaches such as Barlow Twins, among others. We
evaluate these methods on Noisy MNIST and Noisy CIFAR-100, showing that algorithms better
matched to the structure of the problem like DVSIB and beta-DVCCA produce better latent spaces
as measured by classification accuracy, dimensionality of the latent variables, sample efficiency,
and consistently outperform other approaches under comparable conditions. Additionally, we
benchmark against state-of-the-art models, achieving superior or competitive accuracy. Our results
demonstrate that this framework can seamlessly incorporate diverse multi-view representation
learning algorithms, providing a foundation for designing novel, problem-specific loss functions.
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1. Introduction

Large dimensional multi-modal datasets are abundant in multimedia systems utilized for language
modeling (Xu et al., 2016; Zhou et al., 2018; Rohrbach et al., 2017; Sanabria et al., 2018; Goyal et al.,
2017; Wang et al., 2018; Hendrycks et al., 2020), neural control of behavior studies (Steinmetz et al.,
2021; Urai et al., 2022; Krakauer et al., 2017; Pang et al., 2016), multi-omics approaches in systems
biology (Clark et al., 2013; Zheng et al., 2017; Svensson et al., 2018; Huntley et al., 2015; Lorenzi
et al., 2018), and many other domains. Such data come with the curse of dimensionality, making it
hard to learn the relevant statistical correlations from samples. The problem is made even harder by
the data often containing information that is irrelevant to the specific questions one asks. To tackle
these challenges, a myriad of supervised and unsupervised dimensionality reduction (DR) methods
have emerged. By preserving certain aspects of the data while discarding the remainder, DR can
decrease the complexity of the problem, yield clearer insights, and provide a foundation for more
refined modeling approaches.

DR techniques span linear methods like Principal Component Analysis (PCA) (Hotelling, 1933),
Partial Least Squares (PLS) (Wold et al., 2001), Canonical Correlations Analysis (CCA) (Hotelling,
1936), and regularized CCA (Vinod, 1976; Årup Nielsen et al., 1998), as well as nonlinear approaches,
including Autoencoders (AE) (Hinton and Salakhutdinov, 2006), Deep CCA (Andrew et al., 2013),
Deep Canonical Correlated AE (Wang et al., 2015), Correlational Neural Networks (Chandar et al.,
2016), Deep Generalized CCA (Benton et al., 2017), and Deep Tensor CCA (Wong et al., 2021). Of
particular interest to us are variational methods, such as Variational Autoencoders (VAE) (Kingma
and Welling, 2014), beta-VAE (Higgins et al., 2016), Joint Multimodal VAE (JMVAE) (Suzuki et al.,
2016), Deep Variational CCA (DVCCA) (Wang et al., 2016), Deep Variational Information Bottleneck
(DVIB) (Alemi et al., 2017), Variational Mixture-of-experts AE (Shi et al., 2019), and Multiview
Information Bottleneck (Federici et al., 2020b). These DR methods use deep neural networks and
variational approximations to learn robust and accurate representations of the data, while, at the
same time, often serving as generative models for creating samples from the learned distributions.

There are many theoretical derivations and justifications for variational DR methods (Kingma and
Welling, 2014; Higgins et al., 2016; Suzuki et al., 2016; Wang et al., 2016; Karami and Schuurmans,
2021; Qiu et al., 2022; Alemi et al., 2017; Bao, 2021; Lee and Van der Schaar, 2021; Wang et al.,
2019; Wan et al., 2021; Federici et al., 2020a; Huang et al., 2022; Hu et al., 2020). This diversity of
derivations, while enabling adaptability, often leaves researchers with no principled ways for choosing
a method for a particular application, for designing new methods with distinct assumptions, or for
comparing methods to each other.

Here, we introduce the Deep Variational Multivariate Information Bottleneck (DVMIB) framework,
offering a unified mathematical foundation for many variational—and deterministic—DR methods.
Our framework is grounded in the multivariate information bottleneck loss function (Tishby et al.,
2000; Friedman et al., 2013). This loss, amenable to approximation through upper and lower
variational bounds, provides a system for implementing diverse DR variants using deep neural
networks. We demonstrate the framework’s efficacy by deriving the loss functions of many existing
DR methods starting from the same principles. These include well-known methods, such as AEs
(Hinton and Salakhutdinov, 2006), VAEs (Kingma and Welling, 2014), and state-of-the-art methods
such as Contrastive Language-Image Pretraining (CLIP) (Radford et al., 2021) and Barlow Twins
(Zbontar et al., 2021). Furthermore, our framework naturally allows the adjustment of trade-off
parameters, leading to generalizations of these existing methods. For instance, we generalize DVCCA
(Wang et al., 2016) to β-DVCCA. The framework further allows us to introduce and implement in
software novel DR methods. We view the DVMIB framework, with its uniform information bottleneck
language, conceptual clarity of translating statistical dependencies in data via graphical models of
encoder and decoder structures into variational losses, the ability to unify existing approaches, and
easy adaptability to new scenarios as one of the main contributions of our work.
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Beyond its unifying role, our framework offers a principled approach for deriving problem-specific
loss functions using domain-specific knowledge. Thus, we anticipate its application for multi-view
representation learning across diverse fields. To illustrate this, we use the framework to derive a
novel dimensionality reduction method, the Deep Variational Symmetric Information Bottleneck
(DVSIB), which compresses two random variables into two distinct latent variables that are maximally
informative about one another. This new method produces better representations of classic datasets
than previous approaches. The introduction of DVSIB is another major contribution of our paper.

In summary, our paper makes the following contributions to the field:

1. Introduction of the Variational Multivariate Information Bottleneck Framework:
We provide both intuitive and mathematical insights into this framework, establishing a robust
foundation for further exploration.

2. Rederivation and Generalization of Existing Methods within a Common Frame-
work: We demonstrate the versatility of our framework by systematically rederiving and
generalizing various existing methods from the literature, showcasing the framework’s ability
to unify diverse approaches.

3. Design of a Novel Method — Deep Variational Symmetric Information Bottleneck
(DVSIB): Employing our framework, we introduce DVSIB as a new method, contributing
to the growing repertoire of techniques in variational dimensionality reduction. The method
constructs high-accuracy latent spaces from substantially fewer samples than comparable
approaches. Additionally, its deterministic version, the Deterministic Symmetric Information
Bottleneck (DSIB), can be mapped to a plethora of state-of-the-art methods including CLIP
and Barlow Twins.

The paper is structured as follows: First, in Sec. 2, we introduce the underlying mathematics and
an implementation of the DVMIB framework. Then, in Sec. 3, we explain how to use the framework to
generate new DR methods. In this section, in Tbl. 1, we present several known and newly variational
DR methods, illustrating how easily they can be derived within the framework. In the Results
(Sec. 4), as a proof of concept, we first benchmark simple computational implementations of the
methods in Tbl. 1 against the Noisy MNIST dataset (Sec. 4.1). We then examine whether the trends
observed in Noisy MNIST hold for more complex datasets, i.e., Noisy CIFAR-100, and more complex
neural network architectures, namely CNNs (Sec. 4.2). Next, we demonstrate how the framework
extends to more advanced, state-of-the-art methods (Sec. 4.3). The Appendices provide a detailed
treatment of all terms in the different loss functions introduced (Appx. A). Appendix B.2 discusses
auxiliary private variable models. Additional details, including visualizations, and a comprehensive
performance analysis of many methods on Noisy MNIST are available in Appx. C. Further results for
Noisy CIFAR-100 are provided in Appx. D.

2. Multivariate Information Bottleneck Framework

We represent DR problems similar to the Multivariate Information Bottleneck (MIB) of Friedman et al.
(2013), which is a generalization of the more traditional Information Bottleneck algorithm (Tishby
et al., 2000) to multiple variables. The reduced representation is achieved as a trade-off between two
Bayesian networks. Bayesian networks are directed acyclic graphs that provide a factorization of
the joint probability distribution, P (X1, X2, X3, .., XN ) =

∏N
i=1 P (Xi|PaGXi), where Pa

G
Xi

is the set
of parents of Xi in graph G. The multiinformation (Studenỳ and Vejnarová, 1998) of a Bayesian
network is defined as the Kullback-Leibler divergence between the joint probability distribution
and the product of the marginals, and it serves as a measure of the total correlations among
the variables, I(X1, X2, X3, ..., XN ) = DKL(P (X1, X2, X3, ..., XN )‖P (X1)P (X2)P (X3)...P (XN )).
For a Bayesian network, the multiinformation reduces to the sum of all the local informations
I(X1, X2, ..XN ) =

∑N
i=1 I(Xi;Pa

G
Xi

) (Friedman et al., 2013).
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The first of the Bayesian networks is an encoder (compression) graph, which models how com-
pressed (reduced, latent) variables are obtained from the observations. The second network is
a decoder graph, which specifies a generative model for the data from the compressed variables,
i.e., it is an alternate factorization of the distribution. In MIB, the information of the encoder
graph is minimized, ensuring strong compression (corresponding to the approximate posterior). The
information of the decoder graph is maximized, promoting the most accurate model of the data
(corresponding to maximizing the log-likelihood). As in IB (Tishby et al., 2000), the trade-off between
the compression and reconstruction is controlled by a trade-off parameter β:

L = Iencoder − βIdecoder. (1)

In this work, our key contribution is in writing an explicit variational loss for typical information
terms found in both the encoder and the decoder graphs. All terms in the decoder graph use samples
of the compressed variables as determined from the encoder graph. If there are two terms that
correspond to the same information in Eq. (1), one from each of the graphs, they do not cancel each
other since they correspond to two different variational expressions. For pedagogical clarity, we do
this by first analyzing the Symmetric Information Bottleneck (SIB), a special case of MIB. We derive
the bounds for three types of information terms in SIB, which we then use as building blocks for all
other variational MIB methods in subsequent sections.

2.1 Deep Variational Symmetric Information Bottleneck

The Deep Variational Symmetric Information Bottleneck (DVSIB) simultaneously reduces a pair
of datasets X and Y into two separate lower dimensional compressed versions ZX and ZY . These
compressions are done at the same time to ensure that the latent spaces are maximally informative
about each other. The joint compression is known to decrease data set size requirements compared
to individual ones (Martini and Nemenman, 2023). Having distinct latent spaces for each modality
usually helps with interpretability. For example, X could be the neural activity of thousands of
neurons, and Y could be the recordings of joint angles of the animal. Rather than one latent space
representing both, separate latent spaces for the neural activity and the joint angles are sought. By
maximizing compression as well as I(ZX , ZY ), one constructs the latent spaces that capture only the
neural activity pertinent to joint movement and only the movement that is correlated with the neural
activity (cf. Pang et al. (2016)). Many other applications could benefit from a similar DR approach.

Gencoder

X Y

ZX ZY

X

Gdecoder

Y

ZX ZY

Figure 1: The encoder and decoder
graphs for DVSIB.

In Fig. 1, we define two Bayesian networks for DVSIB,
Gencoder and Gdecoder. Gencoder encodes the compression
of X to ZX and Y to ZY . It corresponds to the fac-
torization p(x, y, zx, zy) = p(x, y)p(zx|x)p(zy|y) and the
resultant Iencoder = IE(X;Y ) + IE(X;ZX) + IE(Y ;ZY ).
The IE(X,Y ) term does not depend on the compressed
variables, does not affect the optimization problem, and
hence is discarded in what follows. Gdecoder represents a
generative model for X and Y given the compressed latent
variables ZX and ZY . It corresponds to the factorization
p(x, y, zx, zy) = p(zx)p(zy|zx)p(x|zx)p(y|zy) and the resul-
tant Idecoder = ID(ZX ;ZY ) + ID(X;ZX) + ID(Y ;ZY ).
Combing the informations from both graphs and using
Eq. (1), we find the SIB loss:

LSIB = IE(X;ZX) + IE(Y ;ZY )− β
(
ID(ZX ;ZY ) + ID(X;ZX) + ID(Y ;ZY )

)
. (2)

Note that information in the encoder terms is minimized, and information in the decoder terms is
maximized. Thus, while it is tempting to simplify Eq. (2) by canceling IE(X;ZX) and ID(X;ZX),
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this would be a mistake. Indeed, these terms come from different factorizations: the encoder
corresponds to learning p(zx|x), and the decoder to p(x|zx).

We now follow a procedure and notation similar to Alemi et al. (2017) and construct variational
bounds on all IE and ID terms. Terms without leaf nodes, i. e., ID(ZX , ZY ), require new approaches.

2.2 Variational bounds on DVSIB encoder terms

The information IE(ZX ;X) corresponds to compressing the random variable X to ZX . Since this is
an encoder term, it needs to be minimized in Eq. (2). Thus, we seek a variational bound IE(ZX ;X) ≤
ĨE(ZX ;X), where ĨE is the variational version of IE , which can be implemented using a deep neural
network. We find ĨE by using the positivity of the Kullback–Leibler divergence. We make r(zx) be a
variational approximation to p(zx). Then DKL(p(zx)‖r(zx)) ≥ 0, so that −

∫
dzxp(zx) ln(p(zx)) ≤

−
∫
dzxp(zx) ln(r(zx)). Thus, −

∫
dxdzxp(zx, x) ln(p(zx)) ≤ −

∫
dxdzxp(zx, x) ln(r(zx)). We then

add
∫
dxdzxp(zx, x) ln(p(zx|x)) to both sides and find:

IE(ZX ;X) =

∫
dxdzxp(zx, x) ln

(
p(zx|x)

p(zx)

)
≤
∫
dxdzxp(zx, x) ln

(
p(zx|x)

r(zx)

)
≡ ĨE(ZX ;X). (3)

We further simplify the variational loss by approximating p(x) ≈ 1
N

∑N
i=1 δ(x− xi), so that:

ĨE(ZX ;X) ≈ 1

N

N∑
i=1

∫
dzxp(zx|xi) ln

(
p(zx|xi)
r(zx)

)
=

1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx)). (4)

The term IE(Y ;ZY ) can be treated in an analogous manner, resulting in:

ĨE(ZY ;Y ) ≈ 1

N

N∑
i=1

DKL(p(zy|yi)‖r(zy)). (5)

Note that, in the deterministic limit, p(zx|x)→ δ(zx−f(x)). In this limit, IE(ZX ;X)→ H(ZX), and
the latter is nominally infinite, but diverges only logarithmically with the discretization/regularization
scale in zx, and linearly with the dimensionality of ZX . Provided f(x) is sufficiently smooth, it does
not affect the (regularized) H(ZX). Hence, compression is enforced not by details of the embedding
zx = f(x), but only by the dimensionality of the latent variable. This deterministic limit is relevant
for AEs (Hinton and Salakhutdinov, 2006) and several other deterministic methods that we will
discuss later (cf. Sec. 4.3).

2.3 Variational bounds on DVSIB decoder terms

The term ID(X;Z) corresponds to a decoder of X from the compressed variable ZX . It is maximized
in Eq. (2). Thus, we seek its variational version ĨD, such that ID ≥ ĨD. Here, q(x|zx) will serve as
a variational approximation to p(x|zx). We use the positivity of the Kullback-Leibler divergence,
DKL(p(x|zx)‖q(x|zx)) ≥ 0, to find

∫
dx p(x|zx) ln(p(x|zx)) ≥

∫
dx p(x|zx) ln(q(x|zx)). This gives∫

dzxdx p(x, zx) ln(p(x|zx)) ≥
∫
dzxdx p(x, zx) ln(q(x|zx)). We add the entropy of X to both sides to

arrive at the variational bound:

ID(X;ZX) =

∫
dzxdx p(x, zx) ln

p(x|zx)

p(x)
≥
∫
dzxdxp(x, zx) ln

q(x|zx)

p(x)
≡ ĨD(X;ZX). (6)

We further simplify ĨD by replacing p(x) by samples, p(x) ≈ 1
N

∑N
i δ(x − xi) and using the

p(zx|x) that we learned previously from the encoder:

ĨD(X;ZX) ≈ H(X) +
1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(xi|zx)). (7)
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Here H(X) does not depend on p(zx|x) and, therefore, can be dropped from the loss. The variational
version of ID(Y ;ZY ) is obtained analogously:

ĨD(Y ;ZY ) ≈ H(Y ) +
1

N

N∑
i=1

∫
dzyp(zy|yi) ln(q(yi|zy)). (8)

2.4 Variational Bounds on decoder terms not on a leaf - MINE

The variational bound above cannot be applied to the information terms that do not contain leaves
in Gdecoder. For SIB, this corresponds to the ID(ZX , ZY ) term. This information is maximized.
To find a variational bound such that ID(ZX , ZY ) ≥ ĨD(ZX , ZY ), we use a simple approxima-
tion, the Mutal Information Neural Estimator (MINE) (Belghazi et al., 2018), which samples
both ZX and ZY from their respective variational encoders. Other mutual information estimators,
such as IInfoNCE (Oord et al., 2018), and ISMILE (Song and Ermon, 2019) can be used as long
as they are differentiable. Different estimators might be better suited for different problems, and
we explore some effects of the choice later (cf. Sec. 4.2 & Sec. 4.3). However, for simple applica-
tions and for developing intuition, IMINE is sufficient. We variationally approximate p(zx, zy) as
p(zx)p(zy)eT (zx,zy)/Znorm, where Znorm =

∫
dzxdzyp(zx)p(zy)eT (zx,zy) = Ezx∼p(zx),zy∼p(zy)[eT (zx,zy)]

is the normalization factor1. Here T (zx, zy), a critic function, is parameterized by a neural network
that takes in samples of the latent spaces zx and zy and returns a single number. We again use
the positivity of the Kullback-Leibler divergence, DKL(p(zx, zy)‖p(zx)p(zy)e

T (zx,zy)/Znorm) ≥ 0,
which implies

∫
dzxdzyp(zx, zy) ln(p(zx, zy)) ≥

∫
dzxdzyp(zx, zy) ln

p(zx)p(zy)e
T (zx,zy)

Znorm
. Subtracting∫

dzxdzyp(zx, zy) ln(p(zx)p(zy)) from both sides, we find:

ID(ZX ;ZY ) ≥
∫
dzxdzyp(zx, zy) ln

eT (zx,zy)

Znorm
≡ ĨDMINE(ZX ;ZY ). (9)

2.5 Parameterizing the distributions and the reparameterization trick

H(X), H(Y ), and I(X,Y ) do not depend on p(zx|x) and p(zy|y) and are dropped from the loss.
Further, we can use any ansatz for the variational distributions we introduced. We choose parametric
probability distribution families and learn the nearest distribution in these families consistent with the
data. We assume p(zx|x) is a normal distribution with mean µZX (x) and a diagonal variance ΣZX (x).
We learn the mean and the log variance as neural networks. We also assume that q(x|zx) is normal with
a mean µX(zx) and a unit variance.2. Finally, we assume that r(zx) is a standard normal distribution.
We use the reparameterization trick to produce samples of zxi,j = zxj (xi) = µ(xi) +

√
ΣZX (xi)ηj

from p(zx|xi), where ηj is drawn from a standard normal distribution (Kingma and Welling, 2014).
We choose the same types of distributions for the corresponding zy terms.

To sample from p(zx, zy) we use p(zx, zy) =
∫
dxdy p(zx, zy, x, y) =

∫
dxdy p(zx|x)p(zy|y) ×

p(x, y) ≈ 1
N

∑N
i=1 p(zx|xi)p(zy|yi) = 1

NM2

∑N
i=1(

∑M
j=1 δ(zx−zxi,j))(

∑M
j=1 δ(zy−zyi,j)), where zxi,j ∈

p(zx|xi) and zyi,j ∈ p(zy|yi), and M is the number of new samples being generated. To sample
from p(zx)p(zy), we generate samples from p(zx, zy) and scramble the generated entries zx and zy,
destroying all correlations. With this, the components of the loss function become

1. The term Znorm can be challenging to implement when doing optimization over batches. For example, Belghazi
et al. (2018) propose using an expected moving average over the batches. Further discussion can be found in
Poole et al. (2019). Simple implementations for the MINE estimator ignore this issue, but newer implementations
(cf. Song and Ermon (2019); Abdelaleem et al. (2025)) provide better estimates, as we discuss later in Appx. A.3.

2. In principle, we could also learn the variance for this distribution, but practically we did not find the need for
that. Also note that, because we assume a unit variance for the decoder, both probabilistic and deterministic
decoders are functionally equivalent: one models an exact map x(zx), and the other uses the same neural network
to represent the mean, Ex(x|zx).
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ĨE(X;ZX) ≈ 1

2N

N∑
i=1

[
Tr(ΣZX (xi)) + ||~µZX (xi)||2 − kZX − ln det(ΣZX (xi))

]
, (10)

ĨD(X;ZX) ≈ 1

MN

N,M∑
i,j=1

−1

2
||(xi − µX(zxi,j))||2, (11)

ĨDMINE(ZX ;ZY ) ≈ 1

M2N

N,M,M∑
i,jx,jy=1

[
T (zxi,jx , zyi,jy )− lnZnorm

]
, (12)

where Znorm = Ezx∼p(zx),zy∼p(zy)[eT (zx,zy)], kZX is the dimension of ZX , and the corresponding terms
for Y are similar. Combining these terms results in the variational loss for DVSIB:

LDVSIB = ĨE(X;ZX) + ĨE(Y ;ZY )− β
(
ĨDMINE(ZX ;ZY ) + ĨD(X;ZX) + ĨD(Y ;ZY )

)
. (13)

3. Deriving other DR methods

The variational bounds used in DVSIB can be used to implement loss functions that correspond to
other encoder-decoder graph pairs and hence to other DR algorithms.

3.1 DVSIB variants

One can build another variant of DVSIB, but without reconstruction: DVSIB-noRecon. This variant
is obtained by modifying the decoder graph in Fig. 1, Gdecoder, by removing the arrows that go from
the embeddings ZX , ZY to X,Y which removes the two decoder terms ĨD(X;ZX), ĨD(Y ;ZY ) from
the loss function (Eq. 13). In addition, a generic decoder not-on-a-leaf can be used ĨD(ZX ;ZY ).

LDVSIB-noRecon = ĨE(X;ZX) + ĨE(Y ;ZY )− βĨD(ZX ;ZY ). (14)

The deterministic variant of DVSIB-noRecon, DSIB-noRecon, is obtained by using deterministic
encoders instead of probabilistic encoders, p(zx|x) = δ(~zx − ~µZX (x)) and p(zy|y) = δ(~zy − ~µZY (y)),
in addition to taking the limit of β →∞.

LDSIB-noRecon = −ĨD(ZX ;ZY ). (15)

The deterministic variant will be useful in deriving other methods (cf. Sec 4.3).

3.2 Other common DR methods

Aside from DVSIB and its variants, the simplest other common DR method to derive using the
Framework is the beta variational auto-encoder (Kingma and Welling, 2014). Here Gencoder consists
of one term: X compressed into ZX . Similarly Gdecoder consists of one term: X decoded from ZX
(see Table 1). Using this simple set of Bayesian networks, we find the variational loss:

Lβ−VAE = ĨE(X;ZX)− βĨD(X;ZX). (16)

Both terms in Eq. (16) are the same as Eqs. (10, 11) and can be approximated and implemented
by neural networks. Note that taking the deterministic limit of Eq. (16) results in a traditional AE.

If we have a supervising variable Y that we wish to reconstruct instead of X, modifying Gdecoder

accordingly results in DVIB, the Deep Variational Information Bottleneck (Alemi et al., 2017).

LDVIB = ĨE(X;ZX)− βĨD(Y ;ZX). (17)
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Table 1: Method descriptions, variational losses, and the Bayesian Network graphs for each DR
method derived in our framework. See Appx.A for details.

Method Description Gencoder Gdecoder

beta-VAE (Kingma and Welling, 2014; Higgins et al., 2016): Two
independent Variational Autoencoder (VAE) models trained, one for
each view, X and Y (only X graphs/loss shown).
LVAE = ĨE(X;ZX)− βĨD(X;ZX)

X

ZX

X

ZX

DVIB (Alemi et al., 2017): Two bottleneck models trained, one for
each view, X and Y , using the other view as the supervising signal.
(Only X graphs/loss shown).
LDVIB = ĨE(X;ZX)− βĨD(Y ;ZX)

X Y

ZX

X Y

ZX

beta-DVCCA: Similar to DVIB (Alemi et al., 2017), but with
reconstruction of both views. Two models trained, compressing either
X or Y , while reconstructing both X and Y . (Only X graphs/loss
shown).
LDVCCA = ĨE(X;ZX)− β(ĨD(Y ;ZX) + ĨD(X;ZX))
DVCCA (Wang et al., 2016): β-DVCCA with β = 1.

X Y

ZX

X Y

ZX

beta-joint-DVCCA: A single model trained using a concatenated
variable [X,Y ], learning one latent representation Z.
LjDVCCA = ĨE((X,Y );Z)− β(ĨD(Y ;Z) + ĨD(X;Z))
joint-DVCCA (Wang et al., 2016): β-jDVCCA with β = 1.

X

Z

Y X

Z

Y

DVSIB: A symmetric model trained, producing ZX and ZY .
LDVSIB = ĨE(X;ZX) + ĨE(Y ;ZY )

−β
(
ĨDMINE(ZX ;ZY ) + ĨD(X;ZX) + ĨD(Y ;ZY )

) X Y

ZX ZY

X Y

ZX ZY

Similarly, we can re-derive the DVCCA family of losses (Wang et al., 2016), Table 1. Here Gencoder

is X compressed into ZX . Gdecoder reconstructs both X and Y from the same compressed latent
space ZX . In fact, our loss function is more general than the DVCCA loss and has an additional
compression-reconstruction trade-off parameter β. We call this more general loss β-DVCCA, and the
original DVCCA emerges when β = 1:

LDVCCA = ĨE(X;ZX)− β(ĨD(Y ;ZX) + ĨD(X;ZX)). (18)

Using the same library of terms as we found for DVSIB, Eqs. (10, 11), we find:

LDVCCA ≈
1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx))

− β

(
1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(yi|zx)) +

1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(xi|zx))

)
. (19)

This is similar to the loss function of the deep variational CCA (Wang et al., 2016), but now it has a
trade-off parameter β. It trades off the compression into ZX against the reconstruction of X and Y
from the compressed variable ZX . This apparent small change of adding β have a significant impact
on the accuracy of DVCCA methods, as shown in the results (Sec. 4.1 & Sec. 4.2)

Table 1 shows how our framework reproduces and generalizes other traditional DR losses (see
Appx. A). Our framework naturally extends beyond two variables and more state-of-the-art methods
as well (see Tbl. 3). It also extends to models with private variables (see Appx. B.2).
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4. Results

4.1 Noisy MNIST
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Figure 2: Dataset consisting of pairs of digits drawn from MNIST that share an identity. Top row, X:
MNIST digits randomly scaled (0.5− 1.5) and rotated (0− π/2). Bottom row, Y : MNIST
digits with a background Perlin noise. t-SNE of X and Y datasets (left and middle) shows
poor separation by digit, and there is a wide range of correlation between X and Y (right).

To test our methods, we created a dataset inspired by the Noisy MNIST dataset (LeCun et al.,
1998; Wang et al., 2015, 2016), consisting of two distinct views of data, both with dimensions of
28× 28 pixels, cf. Fig. 2. The first view comprises the original image randomly rotated by an angle
uniformly sampled between 0 and π

2 and scaled by a factor uniformly distributed between 0.5 and 1.5.
The second view consists of the original image with an added background Perlin noise (Perlin, 1985)
with the noise factor uniformly distributed between 0 and 1. Both image intensities are scaled to the
range of [0, 1). The dataset was shuffled within labels, retaining only the shared label identity between
two images, while disregarding the view-specific details, i.e., the random rotation and scaling for X,
and the correlated background noise for Y . The dataset, totaling 70, 000 images, was partitioned
into training (80%), testing (10%), and validation (10%) subsets. Visualization via t-SNE (Hinton
and Roweis, 2002) plots of the original dataset suggest poor separation by digit, and the two digit
views have diverse correlations, making this a sufficiently hard problem.

The DR methods we evaluated include all methods from Tbl. 1. PCA and CCA (Hotelling,
1933, 1936) served as a baseline for linear dimensionality reduction. We emphasize that none of
the algorithms were given labeled data. They had to infer compressed latent representations that
presumably should cluster into ten different digits based simply on the fact that images come in
pairs, and the (unknown) digit label is the only information that relates the two images.

Each method was trained for 100 epochs using fully connected neural networks with layer
sizes (input_dim, 1024, 1024, (kZ , kZ)), where kZ is the latent dimension size, employing ReLU
activations for the hidden layers. The input dimension (input_dim) was either the size of X
(784) or the size of the concatenated [X,Y ] (1568). The last two layers of size kZ represented
the means and log(variance) learned. For the decoders, we employed regular decoders, fully con-
nected neural networks with layer sizes (kZ , 1024, 1024, output_dim), using ReLU activations for

9
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Figure 3: Top: t-SNE plot of the latent space ZY of DVSIB colored by the identity of digits. Top
Right: Classification accuracy of an SVM trained on DVSIB’s ZY latent space. The
accuracy was evaluated for DVSIB with a parameter sweep of the trade-off parameter
β = 2−5, ..., 210 and the latent dimension kZ = 21, ..., 28. The max accuracy was 97.8% for
β = 128 and kZ = 256. Bottom: Example digits generated by sampling from the DVSIB
decoder, X and Y branches.

the hidden layers and sigmoid activation for the output layer. Again, the output dimension
(output_dim) could either be the size of X (784) or the size of the concatenated [X,Y ] (1568).

Table 2: Maximum accuracy from a linear SVM and the optimal kZ
and β for variational DR methods reported on the Y (above
the line) and the joint [X,Y ] (below the line) datasets. (†
fixed values)

Method Acc. % kZbest 95% kZ βbest 95% β
Baseline 90.8 784† - - -
PCA 90.5 256 [64,256*] - -
CCA 85.7 256 [32,256*] - -
β-VAE 96.3 256 [64,256*] 32 [2,1024*]
DVIB 90.4 256 [16,256*] 512 [8,1024*]
DVCCA 89.6 128 [16,256*] 1† -
β-DVCCA 95.4 256 [64,256*] 16 [2,1024*]
DVSIB 97.8 256 [8,256*] 128 [2,1024*]
jBaseline 91.9 1568† - - -
jDVCCA 92.5 256 [64,265*] 1† -
β-jDVCCA 96.7 256 [16,265*] 256 [1,1024*]

The latent dimension (kZ)
could be kZX or kZY for regu-
lar decoders, or kZX + kWX

or kZY + kWY
for decoders

with private information. Ad-
ditionally, another decoder
based on the MINE estimator
for estimating I(ZX , ZY ), was
used in DVSIB and DVSIB
with private information. The
critic of IMINE(ZX , ZY ) is a
fully connected neural net-
work with layer sizes (kZX +
kZY , 1024, 1024, 1) and ReLU
activations for the hidden lay-
ers. Optimization was con-
ducted using the ADAM op-
timizer with default parame-
ters.
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To evaluate the methods, we trained them on the training portions of X and Y without exposure
to the true labels. Subsequently, we used the trained encoders to compute Ztrain, Ztest, and Zvalidation
on the respective datasets. To assess the quality of the learned representations, we revealed the labels
of Ztrain and trained a linear SVM classifier with Ztrain and labelstrain. Hyper-parameter tuning of
the classifier was performed to identify the optimal SVM slack parameter (C value), maximizing
accuracy on Zvalidation. This best classifier was then used to predict Ztest, yielding the reported
accuracy. We also conducted classification experiments using fully connected neural networks, with
detailed results available in Appx. C. For both SVM and the fully connected network, we find the
baseline accuracy on the original training data and labels (Xtrain, labelstrain) and (Ytrain, labelstrain),
choose C based on the validation datasets, and report the results of the test datasets.

Using a linear SVM allows us to assess the linear separability of the clusters of ZX and ZY
obtained through DR methods. While neural networks can uncover complex nonlinear relationships
that may lead to higher classification accuracy, a linear SVM ensures that classification performance
reflects the quality of the embeddings themselves rather than the classifier’s ability to compensate for
any shortcomings in the DR methods. Additionally, if the embeddings are already linearly separable,
they are likely to generalize more easily. Notably, we have also evaluated classification performance
using neural networks, and the results (cf. Appx. C) show that DVSIB consistently achieves the
highest or among the highest classification accuracies across both linear and nonlinear classifiers,
further supporting the effectiveness of its embeddings.

Here, we focus on the results of the Y datasets (MNIST with correlated noise background); results
for X are in Appx. C. A parameter sweep was performed to identify optimal kZ values, ranging
from 21 to 28 dimensions on log2 scale, as well as optimal β values, ranging from 2−5 to 210. For
methods with private variables, kWX

and kWY
were varied from 21 to 26 (results for these methods

are available in Appx. B.2). The highest accuracy is reported in Tbl. 2, along with the optimal
parameters used to obtain this accuracy.
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Figure 4: The best SVM classification accuracy curves
for each method. Here, DVSIB and DVSIB-
private achieved the highest accuracy, and,
together with β-DVCCA-private, they per-
formed best for low-dimensional latent spaces.

Additionally, for every method we find
the range of β and the dimensionality kZ
of the latent variable ZY that gives 95%
of the method’s maximum accuracy. If the
range includes the limits of the parameter,
this is indicated by an asterisk.

Figure 3 shows a t-SNE plot of DVSIB’s
latent space, ZY , colored by the identity of
digits. The resulting latent space has 10
clusters, each corresponding to one digit.
The clusters are well separated and inter-
pretable. Further, DVSIB’s ZY latent space
provides the best classification of digits us-
ing a linear method such as an SVM show-
ing the latent space is linearly separable.

DVSIB maximum classification accu-
racy obtained for the linear SVM is 97.8%.
Crucially, DVSIB maintains accuracy of
at least 92.9% (95% of 97.8%) for β ∈
[2, 1024∗] and kZ ∈ [8, 256∗]. This accu-
racy is high compared to other methods
and has a large range of parameters that
maintain its ability to correctly capture information about the identity of the shared digit. Since
DVSIB is a generative method, we also provided sample generated digits from the decoders that were
trained from the model graph.

11



Abdelaleem, Nemenman, Martini

In Fig. 4, we show the highest SVM classification accuracy curves for each method. DVSIB and
DVSIB-private tie for the best classification accuracy for Y . Together with β-DVCCA-private they
have the highest accuracy for all dimensions of the latent space, kZ . In theory, only one dimension
should be needed to capture the identity of a digit, but our data sets also contain information about
the rotation and scale for X and the strength of the background noise for Y . Y should then need
at least two latent dimensions to be reconstructed and X should need at least three. Since DVSIB,
DVSIB-private, and β-DVCCA-private performed with the best accuracy starting with the smallest
kZ , we conclude that methods with the encoder-decoder graphs that more closely match the structure
of the data produce higher accuracy with lower dimensional latent spaces.

Next, in Fig. 5, we compare the sample training efficiency of DVSIB and β-VAE by training new
instances of these methods on a geometrically increasing number of samples n = [256, 339, 451, . . . ,∼
42k,∼ 56k], consisting of 20 subsamples of the full training data (X,Y ) to get (Xtrainn , Ytrainn),
where each larger subsample includes the previous one.
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Figure 5: Classification accuracy (A) of DVSIB scales bet-
ter with sample size (n). Main: a log-log plot of
100%− A vs. 1/n. The slope for fitted lines is
0.345± 0.007 for DVSIB and 0.196± 0.013 for
β-VAE, indicating a faster increase in accuracy
of DVSIB with n. Inset: same data plotted as
A vs. n.

Each method was trained for 60
epochs, and we used β = 1024 (as de-
fined by the DVMIB framework). Fur-
ther, all reported results are with the
latent space size kZ = 64. We explored
other numbers of training epochs and
latent space dimensions (see Appx. C.5),
but did not observe qualitative differ-
ences. We follow the same procedure
as outlined earlier, using the 20 trained
encoders for each method to compute
Ztrainn , Ztest, and Zvalidation for the
training, test, and validation datasets.
As before, we then train and evaluate
the classification accuracy of SVMs for
the ZY representation learned by each
method. Fig. 5, inset, shows the classi-
fication accuracy of each method as a
function of the number of samples used
in training. Again, CCA and PCA serve
as linear methods baselines. PCA is able
to capture the linear correlations in the
dataset consistently, even at low sample
sizes. However, it is unable to capture

the nonlinearities of the data, and its accuracy does not improve with the sample size. Because of
the iterative nature of the implementation of the PCA algorithm (Pedregosa et al., 2011), it is able
to capture some linear correlations in a relatively low number of dimensions, which are sufficiently
sampled even with small-sized datasets. Thus the accuracy of PCA barely depends on the training
set size. CCA, on the other hand, does not work in the under-sampled regime (see Abdelaleem
et al. (2024) for discussion of this). DVSIB performs uniformly better, at all training set sizes, than
the β-VAE. Furthermore, DVSIB improves its quality faster, with a different sample size scaling.
Specifically, DVSIB and β-VAE accuracy (A, measured in percent) appears to follow the scaling form
A = 100− c/nm, where c is a constant, and the scaling exponent m = 0.345± 0.007 for DVSIB, and
0.196± 0.013 for β-VAE. We illustrate this scaling in Fig. 5 by plotting a log-log plot of 100−A vs
1/n and observing a linear relationship.
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4.2 More complex tests: Noisy CIFAR-100 and CNN architecture

Next, we extend our analysis to more complex datasets and architectures to verify whether the trends
observed in Noisy MNIST results hold. Similar to Noisy MNIST, we construct a Noisy CIFAR-100
dataset, which consists of 60, 000 RGB images of size 32× 32, totaling 3072 pixels per image, with
100 classes and 600 images per class. We generate two distinct views in the same manner as Noisy
MNIST: the first view (X) is randomly rotated by an angle uniformly sampled between 0 and π

2 and
scaled by a factor uniformly drawn from [0.5, 1.5]. The second view (Y ) incorporates background
Perlin noise (Perlin, 1985), where the noise factor for each RGB channel is independently sampled
from a uniform distribution over [0, 1]. Both views are rescaled to have pixel intensities in the range
[0, 1), and the dataset is shuffled within labels while preserving the shared label identity between the
two transformed views (X and Y ).

On the architecture side, instead of feedforward networks, we use a simple convolutional neural
network (CNN) for the encoders and decoders of the different DR methods implemented. We
observe classification accuracy trends similar to those in Noisy MNIST, where conv-DVSIB (and,
to a great extent, conv-β-DVCCA) outperforms other methods with comparable architectures and
computational costs. See Appx. D for details.

4.3 Towards the state of the art methods

Having demonstrated that various common DR methods, Table 1, here we extend the approach to
more recent, state-of-the-art methods. The fundamental trade-off between an encoder and a decoder
graph can encapsulate widely used two-view learning approaches such as Barlow Twins Zbontar
et al. (2021), CLIP Radford et al. (2021), and several other methods Bardes et al. (2024); Assran
et al. (2023). Similarly, this framework can accommodate multi-view approaches, including Deep
Multi-View Information Bottleneck methods Lee and Van der Schaar (2021); Wan et al. (2021);
Huang et al. (2022), among others. We show that, by making simple assumptions (such as treating
embeddings as deterministic and jointly Gaussian in the case of Barlow Twins), or by constructing
the appropriate computational graphs, as in the Multi-View IB, these methods naturally fit within
the DVMIB framework.

Table 3 provides an overview of these extended methods, with additional details in Appx. B.4.
Moreover, we demonstrate that DVSIB, when adapted to match the structure and complexity of
methods such as Barlow Twins and trained under comparable conditions, achieves similar or even
superior accuracy. For details, see Appx. E.

5. Conclusion

We developed an MIB-based framework for deriving variational loss functions for DR applications.
We demonstrated the use of this framework by developing a novel variational method, DVSIB. DVSIB
compresses the variables X and Y into latent variables ZX and ZY respectively, while maximizing
the information between ZX and ZY . The method generates two distinct latent spaces—a feature
highly sought after in various applications—but it accomplishes this with superior data efficiency,
compared to other methods. The example of DVSIB demonstrates the process of deriving variational
bounds for terms present in all examined DR methods. A comprehensive library of typical terms is
included in Appx. A for reference, which can be used to derive additional DR methods. Further, we
(re)-derive several DR methods, as outlined in Tables 1&3. These include well-known techniques
such as β-VAE, DVIB, DVCCA, and DVCCA-private, in addition to more complicated multiview
techniques such as supervised and unsupervised MultiView IB, and state-of-the-art ones such as
Barlow Twins and CLIP. MIB naturally introduces a trade-off parameter into the DVCCA family
of methods, resulting in what we term the β-DVCCA DR methods, of which DVCCA is a special
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Table 3: Method descriptions, variational losses, and the Bayesian Network graphs for more DR
methods derived within the DVMIB framework.

Method Description Gencoder Gdecoder
Unsupervised Multi-View IB (UMVIB): Methods like (Wan
et al., 2021; Hu et al., 2020), where one compresses multiple
views/modalities Xi into one (or more) latent variable Z (or Zi) and
reconstruct Xi from Z (or Z and Zi).
LUMVIB1 = ĨE(X1, X2, X3;Z)−β(ĨD(X1;Z)+ĨD(X2;Z)+ĨD(X3;Z))

X1 X2 X3

Z

X1 X2 X3

Z

LUMVIB2
= ĨE((X1, X2, X3);Z) + ĨE(X1;Z1) + ĨE(X2;Z2) +

ĨE(X3;Z3)− β(ĨD(X1; (Z,Z1)) + ĨD(X2; (Z,Z2)) + ĨD(X3; (Z,Z3)))

X1 X2 X3

Z1 Z2 Z3

Z

X1 X2 X3

Z1 Z2 Z3

Z

Supervised Multi-View IB (SMVIB): Methods like (Lee and
Van der Schaar, 2021; Wang et al., 2019; Huang et al., 2022; Grazioli
et al., 2022), where one compresses multiple views/modalities Xi into
a shared latent variable Z (or Z and Zi), and uses Z to predict a
supervisory signal/label Y (or in addition to using both Z and Zi to
reconstruct Xi as well).
LSVMIB1 = ĨE(X1, X2, X3;Z)− β(ĨD(Y ;Z))

X1 X2 X3 Y

Z

X1 X2 X3 Y

Z

LSMVIB2
= ĨE((X1, X2, X3);Z) + ĨE(X1;Z1) + ĨE(X2;Z2) +

ĨE(X3;Z3)− β(ĨD(X1; (Z,Z1)) + ĨD(X2; (Z,Z2)) + ĨD(X3; (Z,Z3)) +
ĨD(Z;Y ))

X1 X2 X3

Z1 Z2 Z3 Z

Y X1 X2 X3

Z1 Z2 Z3 Z

Y

Barlow Twins (BT)/DSIB (Zbontar et al., 2021): Two different
views X and Y are compressed using the same deterministic compres-
sion function µ(·) into ZX and ZY respectively (p(zx|x) = δ(zx−µ(x))
and p(zy|y) = δ(zy − µ(y))). One then optimizes the cross-correlation
matrix, C, between ZX and ZY to be as close to identity as possible,
which is equivalent to maximizing the information between I(ZX , ZY ),
when ZX and ZY are jointly Gaussian.
LDSIB-noRecon = −ĨD(ZX ;ZY ) = 1

2 ln(det(I − CCT ))
Same minimum as: LBT =

∑
i(1− Cii)2 + λ

∑
i,j C

2
ij

X Y

ZX ZY

X Y

ZX ZY

CLIP/DSIB (Radford et al., 2021) : Two different views X and Y
are compressed using different deterministic encoder functions into
ZX and ZY respectively, p(zx|x) = δ(~zx − ~µZX (x)) and p(zy|y) =
δ(~zy−~µZY (y)). The CLIP loss is equivalent to −I(ZX , ZY ) (and hence
to the no reconstruction version of DSIB) if p(zx|zy) = p(zy|zx) or
−I(ZX , ZY ) + correction otherwise.
LDSIB-noRecon = −ĨD(ZX ;ZY ).

LCLIP = −1
2N

∑N
i=1 ln

(
exp (~zxi ·~zyi/T )

1
N

∑N
j=1 exp (~zxi ·~zyj /T )

)
+−12N

∑N
i=1 ln

(
exp (~zxi ·~zyi/T )

1
N

∑N
j=1 exp (~zxj ·~zyi/T )

)

X Y

ZX ZY

X Y

ZX ZY

Possible Extensions: Methods like Bardes et al. (2024); Assran et al.
(2023); Caron et al. (2021); Chen et al. (2020); Zhou et al. (2022);
Baevski et al. (2022); Bardes et al. (2022); Zhang et al. (2022); Jia
et al. (2021); Meng et al. (2022): probabilistically or deterministically
compress X and Y into latent variables ZX and ZY respectively and
then learn a specific mapping between ZY and ZX .

X Y

ZX ZY

X Y

ZX ZY
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case. We implement this new family of methods and show that it produces better latent spaces than
DVCCA at β = 1, cf. Tbl. 2 and Tbl. 10.

We observe that methods that more closely match the structure of dependencies in the data can
give better latent spaces as measured by the dimensionality of the latent space and the accuracy of
reconstruction (see Figure 4). This makes DVSIB, DVSIB-private, and β-DVCCA-private perform
the best. DVSIB and DVSIB-private both have separate latent spaces for X and Y . The private
methods allow us to learn additional aspects about X and Y that are not important for the shared
digit label, but allow reconstruction of the rotation and scale for X and the background noise of Y .
We also found that DVSIB can make more efficient use of data when producing latent spaces as
compared to β-VAEs and linear methods.

Our framework extends beyond variational approaches and provides a unified foundation for
diverse learning methods, including dimensionality reduction, supervised and unsupervised multi-view
learning, and self-supervised approaches. In particular, we have explicitly demonstrated how the
deterministic limit of DVSIB recovers DSIB, and we have shown that this limit naturally maps
onto state-of-the-art methods such as Barlow Twins and CLIP (Table. 3). Additionally, we have
implemented convolutional and ResNet-based encoder-decoder architectures (Sec. 4.2, Sec. 4.3),
illustrating that the framework is highly flexible: embedding functions can be easily swapped for more
suitable architectures depending on the task. While we have not explicitly derived linear methods
within our framework, prior work has shown that approaches like CCA can be viewed as special
cases of the information bottleneck (Chechik et al., 2003), suggesting that they may also emerge
naturally from our formulation. Overall, this versatility highlights the framework’s ability to unify
broad classes of learning techniques. With the provided tools and code, we aim to facilitate the
adaptation of the framework to a wide range of problems.
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Appendix A. Deriving and designing variational losses and their
components

In the next two sections, we provide a library of typical terms found in encoder graphs, Appx. A.1,
and decoder graphs, Appx. A.2. In Appx. B.1, we provide examples of combining these terms to
produce variational losses corresponding to beta-VAE, DVIB, beta-DVCCA, beta-DVCCA-joint,
beta-DVCCA-private, DVSIB, and DVSIB-private.

A.1 Encoder graph components

We expand Sec. 2.2 and present a range of common components found in encoder graphs across
various DR methods, cf. Fig. (6).
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a.

X

ZX

b.
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X Y

Figure 6: Encoder graph components.

a. This graph corresponds to compressing the random variable X to ZX . Variational bounds for
encoders of this type were derived in the main text in Sec. 2.2 and correspond to the loss:

ĨE(X;ZX) =
1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx))

≈ 1

2N

N∑
i=1

[
Tr(ΣZX (xi)) + ||~µZX (xi)||2 − kZX − ln det(ΣZX (xi))

]
. (20)

b. This type of encoder graph is similar to the first, but now with two outputs, ZX and WX . This
corresponds to making two encoders, one for ZX and one for WX , ĨE(ZX ;X)+ ĨE(WX ;X), where

ĨE(ZX ;X) ≈ 1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx)), (21)

ĨE(WX ;X) ≈ 1

N

N∑
i=1

DKL(p(wx|xi)‖r(wx)). (22)

c. This type of encoder consists of compressing X and Y into a single variable Z. It corresponds to
the information loss IE(Z; (X,Y )). This again has a similar encoder structure to type (a), but X
is replaced by a joint variable (X,Y ). For this loss, we find a variational version:

ĨE(Z; (X,Y )) ≈ 1

N

N∑
i=1

DKL(p(z|xi, yi)‖r(xi, yi)). (23)

d. This final type of an encoder term corresponds to information IE(X,Y ), which is constant with
respect to our minimization. In practice, we drop terms of this type.

A.2 Decoder graph components

In this section, we elaborate on the decoder graphs that happen in our considered DR methods,
cf. Fig. (7).

All decoder graphs sample from their methods’ corresponding encoder graph.
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Figure 7: Decoder graph components.

a. In this decoder graph, we decode X from the compressed variable ZX . Variational bounds for
decoders of this type were derived in the main text, Sec. 2.3, and they correspond to the loss:

ĨD(X;ZX) = H(X) +
1

N

N∑
i=1

∫
dzxp(zx|xi) ln q(xi|zx)

≈ H(X) +
1

MN

N,M∑
i,j=1

−1

2
||(xi − µX(zxi,j))||2, (24)

where H(X) can be dropped from the loss since it doesn’t change in optimization.

b. This type of decoder term is similar to that in part (a), but X is decoded from two variables
simultaneously. The corresponding loss term is ID(X; (ZX ,WX)). We find a variational loss by
replacing ZX in part (a) by (ZX ,WX):

ĨD(X; (ZX ,WX)) ≈ H(X) +
1

N

N∑
i=1

∫
dzxdwxp(zx, wx|xi) ln(q(xi|zx, wx)), (25)

where, again, the entropy of X can be dropped.

c. This decoder term can be obtained by adding two decoders of type (a) together. In this case, the
loss term is ID(X;Z) + ID(Y ;Z):

ĨD(X;Z) + ĨD(Y ;Z) ≈ H(X) +H(Y )

+
1

N

N∑
i=1

∫
dzp(z|xi) ln(q(xi|z)) +

1

N

N∑
i=1

∫
dzp(z|yi) ln(q(yi|z)), (26)

and the entropy terms can be dropped, again.

A.3 Internal decoders (decoders not on a leaf)

ZX ZY

Figure 8: Internal Decoders
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Decoders of this type were discussed in the main text in Sec. 2.4. They correspond to the
information between latent variables ZX and ZY . We use the MINE estimator to find variational
bounds for such terms:

ĨDMINE(ZX ;ZY ) =

∫
dzxdzyp(zx, zy) ln

eT (zx,zy)

Znorm
≈ 1

NM2

N,M,M∑
i,jx,jy=1

[
T (zxi,jx , zyi,jy )− lnZnorm

]
.

(27)

We use IMINE(X,Y ) for the implementations in Sec. 4.1. It is also possible to estimate terms
of this type using other mutual information estimators such as SMILE and InfoNCE. The SMILE
estimator (Song and Ermon, 2019) is a clipped version of the MINE estimator. The SMILE estimator
improves the robustness of MINE by clipping the joint to marginal density ratio between e−τ and eτ ,
where τ is some parameter that we set to 5 in our implementation:

ISMILE(X,Y ) ≥ EP [T (x, y)]− log
[
EQ
(

clip(eT (x,y), e−τ , eτ )
)]
. (28)

Smaller τ decreases the variance, but at a cost of a larger bias. At τ →∞, ISMILE → IMINE. We use
ISMILE(X,Y ) for the implementations mentioned in Sec. 4.2.

InfoNCE (Oord et al., 2018) is a mutual information estimator that uses a contrastive loss. When
using a separable critic, it consists of two networks, g and h. These networks compute g(ZX) and
h(ZY ), which are then combined via a dot product to form the critic function f(ZX , ZY ) = g(X)·h(Y ).
The InfoNCE estimate of mutual information is then given by

IInfoNCE(ZX ;ZY ) ≈ E

[
log

ef(ZX ,ZY )∑
Z′
Y
ef(ZX ,Z

′
Y )

]
, (29)

where the denominator sums over negative samples Z ′Y . This loss can easily be recognized as mutual
information if we make the identification ef(ZX ,ZY ) = p(ZX |ZY ). We use IInfoNCE(X,Y ) for the
implementations mentioned in Sec. 4.3. A detailed treatment of the different estimators and best
practices of using them can also be found in Abdelaleem et al. (2025).

Appendix B. Deriving and designing variational losses: detailed
implementations

B.1 Two variable Losses

For completeness, we provide detailed implementations of methods outlined in Tbl. 1.

B.1.1 Beta Variational Auto-Encoder

A variational autoencoder (Kingma and Welling, 2014; Higgins et al., 2016) compresses X into a
latent variable ZX and then reconstructs X from the latent variable, cf. Fig. (10). The overall loss is
a trade-off between the compression IE(X;ZX) and the reconstruction ID(X;ZX):

IE(X;ZX)− βID(X;ZX) ≤ ĨE(X;ZX)− βĨD(X;ZX)

.
1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx))− β

(
H(X) +

1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(xi|zx))

)
. (30)

H(X) is a constant with respect to the minimization, and it can be omitted from the loss. Similar to
the main text, DVSIB case, we make ansatzes for forms of each of the variational distributions. We
choose parametric distribution families and learn the nearest distribution in these families consistent
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Gencoder
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ZX
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ZX

Figure 9: Encoder and decoder graphs for the beta-variational auto-encoder method

with the data. Specifically, we assume p(zx|x) is a normal distribution with mean µZX (X) and
variance ΣZX (X). We learn the mean and the log-variance as neural networks. We also assume that
q(x|zx) is normal with a mean µX(zx) and a unit variance. Finally, we assume that r(zx) is drawn
from a standard normal distribution. We then use the re-parameterization trick to produce samples
of zxj (x) = µ(x) +

√
ΣZX (x)ηj from p(zx|x), where η is drawn from a standard normal distribution.

Overall, this gives:

LVAE =
1

2N

N∑
i=1

[
Tr(ΣZX (xi)) + ~µZX (xi)

T ~µZX (xi)− kZX − ln det(ΣZX (xi))
]

− β

 1

MN

N∑
i=1

M∑
j=1

−1

2
(xi − µX(zxj ))

T (xi − µX(zxj ))

 . (31)

This is the same loss as for a beta auto-encoder. However, following the convention in the Information
Bottleneck literature (Tishby et al., 2000; Friedman et al., 2013), our β is the inverse of the one
typically used for beta auto-encoders. A small β in our case results in a stronger compression, while
a large β results in a better reconstruction.

B.1.2 Deep Variational Information Bottleneck

Gencoder

X Y

ZX

Gdecoder

X Y

ZX

Figure 10: Encoder and decoder graphs for the Deep Variational Information Bottleneck.

Just as in the beta auto-encoder, we immediately write down the loss function for the information
bottleneck. Here, the encoder graph compresses X into ZX , while the decoder tries to maximize the
information between the compressed variable and the relevant variable Y , cf. Fig. (10). The resulting
loss function is:

LIB = IE(X;Y ) + IE(X;ZX)− βID(Y ;ZX). (32)
Here the information between X and Y does not depend on p(zx|x) and can dropped in the
optimization.
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Thus the Deep Variational Information Bottleneck (Alemi et al., 2017) becomes :

LDVIB ≈ 1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx)) − β

(
1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(yi|zx))

)
, (33)

where we dropped H(Y ) since it doesn’t change in the optimization.
As we have been doing before, we choose to parameterize all these distributions by Gaussians

and their means and their log variances are learned by neural networks. Specifically, we parameterize
p(zx|x) = N(µzx(x),Σzx), r(zx) = N(0, I), and q(y|zx) = N(µY , I). Again we can use the reparame-
terization trick and sample from p(zx|xi) by zxj (x) = µ(x) +

√
Σzx(x)ηj where η is drawn from a

standard normal distribution.

B.1.3 Beta Deep Variational CCA

Gencoder

X Y

ZX

Gdecoder

X Y

ZX

Figure 11: Encoder and decoder graphs for beta Deep Variational CCA.

beta-DVCCA, cf. Fig. 11, is similar to the traditional information bottleneck, but now X and Y
are both used as relevance variables:

LDVCCA = ĨE(X;Y ) + ĨE(X;ZX)− β(ĨD(Y ;ZX) + ĨD(X;ZX)). (34)

Using the same library of terms as before, we find:

LDVCCA ≈
1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx))

− β

(
1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(yi|zx)) +

1

N

N∑
i=1

∫
dzxp(zx|xi) ln(q(xi|zx))

)
. (35)

This is similar to the loss function of the deep variational CCA (Wang et al., 2016), but now it has a
trade-off parameter β. It trades off the compression into Z against the reconstruction of X and Y
from the compressed variable Z.

B.1.4 beta joint-Deep Variational CCA

Joint deep variational CCA (Wang et al., 2016), cf. Fig. 12, compresses (X,Y ) into one Z and then
reconstructs the individual terms X and Y ,

LDVCCA = IE(X;Y ) + IE((X,Y );Z)− β(ID(Y ;Z) + ID(X;Z)). (36)
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Figure 12: Encoder and decoder graphs for beta joint-Deep Variational CCA.

Using the terms we derived, the loss function is:

LDVCCA ≈
1

N

N∑
i=1

DKL(p(z|xi, yi)‖r(z))

− β

(
1

N

N∑
i=1

∫
dzp(z|xi) ln(q(yi|z)) +

1

N

N∑
i=1

∫
dzp(z|xi) ln(q(xi|z))

)
. (37)

The information between X and Y does not change under the minimization and can be dropped.

B.2 Auxiliary private variable models

Most of the losses examined so far aim to capture the correlation between X and Y . If, how-
ever, one wishes additionally to separate out details about just X and just Y , it is helpful to
introduce additional auxiliary private variables WX , WY intended to capture these details. In
DVCCA-private (beta-DVCCA-private) for example, the decoder factorization illustrates this clearly:
P (x|z, wx)P (x|z, wy)P (z)P (wx)P (wy). This shows that X is reconstructed from the private variable
WX that only has information about X and the shared variable Z, and similarly Y is reconstructed
from the private variable WY which only has information about Y and the shared variable Z. In
the Noisy MNIST dataset this type of factorization encourages Z to exclusively capture details
about digit identity, WX to capture details about scale and rotation, and WY details about noise.
Similar results hold for beta-joint-DVCCA-private, and DVSIB-private. See C for Noisy MNIST
visualizations.

B.2.1 beta (joint) Deep Variational CCA-private

Gencoder

X

Z

Y

WX WY

Gdecoder

X

Z

Y

WX WY

Figure 13: Encoder and decoder graphs for beta Deep Variational CCA-private

This is a generalization of the Deep Variational CCA Wang et al. (2016) to include private
information, cf. Fig. 13. Here X is encoded into a shared latent variable Z and a private latent
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Table 4: Method descriptions, variational losses, and the Bayesian Network graphs for each DR
method with private variables derived in our framework. See Appx. A for details.

Method Description Gencoder Gdecoder
beta-DVCCA-private: Two models trained, compressing either
X or Y , while reconstructing both X and Y , and simultaneously
learning private information WX and WY . (Only X graphs/loss
shown).
LDVCCA-p = ĨE(X;Z) + ĨE(X;WX) + ĨE(Y ;WY ) −
β(ĨD(X; (WX , Z)) + ĨD(Y ; (WY , Z)))

DVCCA-private (Wang et al., 2016): β-DVCCA-p with β = 1.

X

Z

Y

WX WY

X

Z

Y

WX WY

beta-joint-DVCCA-private: A single model trained using a
concatenated variable [X,Y ], learning one latent representation
Z, and simultaneously learning private information WX and
WY . LjDVCCA-p = ĨE((X,Y );Z) + ĨE(X;WX)+ĨE(Y ;WY ) −
β(ĨD(X; (WX , Z)) + ĨD(Y ; (WY , Z)))

joint-DVCCA-private(Wang et al., 2016): β-jDVCCA-p with β =
1.

X

Z

Y

WX WY

X

Z

Y

WX WY

DVSIB-private: A symmetric model trained, producing ZX and
ZY , while simultaneously learning private information WX and WY .
LDVSIBp = ĨE(X;WX) + ĨE(X;ZX)+

ĨE(Y ;ZY ) + ĨE(Y ;WY )−
β
(
ĨDMINE(ZX ;ZY ) + ĨD(X; (ZX ,WX)) + ĨD(Y ; (ZY ,WY ))

)
X Y

ZX ZY

WX WY WX

X Y

ZX ZY

WY

variable WX . Similarly Y is encoded into the same shared variable and a different private latent
variable WY . X is reconstructed from Z and WX , and Y is reconstructed from Z and WY . In the
joint version (X,Y ) are compressed jointly in Z similar to the previous joint methods. What follows
is the loss X version of beta Deep Variational CCA-private.

LDVCCAp = IE(X;Y ) + IE((X,Y );Z) + IE(X;WX) + IE(Y ;WY )

− β(ID(X; (WX , Z)) + ID(Y ; (WY , Z))). (38)

After the usual variational manipulations, this becomes:

LDVCCAp ≈
1

N

N∑
i=1

DKL(p(z|xi)‖r(z)) +
1

N

N∑
i=1

DKL(p(wx|xi)‖r(wx))

+
1

N

N∑
i=1

DKL(p(wy|yi)‖r(wy))− β

(
1

N

N∑
i=1

∫
dzdwxp(wx|xi)p(z|xi) ln(q(yi|z, wx))

+
1

N

N∑
i=1

∫
dzdwyp(wy|yi)p(z|xi) ln(q(xi|z, wy))

)
. (39)
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B.2.2 Deep Variational Symmetric Information Bottleneck

This has been analyzed in detail in the main text, Sec. 2.1, and will not be repeated here.

B.2.3 Deep Variational Symmetric Information Bottleneck-private

Gencoder

X Y

ZX ZY

WX WY WX

X

Gdecoder

Y

ZX ZY

WY

Figure 14: Encoder and decoder graphs for DVSIB-private.

This is a generalization of the Deep Variational Symmetric Information Bottleneck to include
private information. Here X is encoded into a shared latent variable ZX and a private latent variable
WX . Similarly, Y is encoded into its own shared ZY variable and a private latent variable WY .
X is reconstructed from ZX and WX , and Y is reconstructed from ZY and WY . ZX and ZY are
constructed to be maximally informative about each another. This results in

LDVSIBp = IE(X;WX) + IE(X;ZX) + IE(Y ;ZY ) + IE(Y ;WY )

− β
(
ID(ZX ;ZY ) + ID(X; (ZX ,WX)) + ID(Y ; (ZY ,WY ))

)
. (40)

After the usual variational manipulations, this becomes (see also main text):

LDVSIBp ≈
1

N

N∑
i=1

DKL(p(zx|xi)‖r(zx)) +
1

N

N∑
i=1

DKL(p(zy|xi)‖r(zy))

+
1

N

N∑
i=1

DKL(p(wx|xi)‖r(wx)) +
1

N

N∑
i=1

DKL(p(wy|yi)‖r(wy))

− β

(∫
dzxdzyp(zx, zy) ln

eT (zx,zy)

Znorm
+

1

N

N∑
i=1

∫
dzydwyp(wy|yi)p(zy|yi) ln(q(yi|zy, wy))

+
1

N

N∑
i=1

∫
dzxdwxp(wx|xi)p(zx|xi) ln(q(xi|zx, wx))

)
, (41)

where
Znorm =

∫
dzxdzyp(zx)p(zy)eT (zx,zy). (42)

B.2.4 Private Variable Model Results on Noisy MNIST

Details of experiments can be found in Tbl. 5.

B.3 Multi-variable losses (more than two views/variables)

Several multi-variable losses that have appeared in the literature can be rederived within our
framework. These methods can be broadly categorized into two groups: supervised multiview
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Table 5: Maximum accuracy from a linear SVM and the optimal kZ and β for variational DR
methods with private variables reported on the Y (above the line) and the joint [X,Y ]
(below the line) datasets. († fixed values)

Method Acc. % kZbest 95% kZrange βbest 95% βrange
Baseline 90.8 784† - - -
DVCCA-p 92.1 16 [16,256*] 1† -
β-DVCCA-p 95.5 16 [4,256*] 1024 [1,1024*]
DVSIB-p 97.8 256 [8,256*] 32 [2,1024*]
jBaseline 91.9 1568† - - -
jDVCCA-p 92.5 64 [32,265*] 1† -
β-jDVCCA-p 92.7 256 [4,265*] 2 [1,1024*]

information bottleneck (SMVIB) and unsupervised multiview information bottleneck (UMVIB). The
key distinction between them is the presence of a supervising signal Y in addition to the multiple
views or modalities of the data Xi. Here, we demonstrate how our DVMIB framework provides a
natural way to extend and unify these methods.

B.3.1 Unsupervised Multi-View IB

Several approaches in the literature, such as Wan et al. (2021); Hu et al. (2020), focus on compressing
multiple views or modalities Xi into one or more latent variables Z (or Zi) and reconstructing Xi

from Z (or both Z and Zi). Within this framework, we can consider two primary formulations:

• Single shared latent representation (UMVIB1):

Gencoder

X1 X2 X3

Z

Gdecoder

X1 X2 X3

Z

Figure 15: Encoder and decoder graphs for a single shared latent representation UMVIB

All views X1, X2, and X3 are compressed into a single latent variable Z, which is then used
to reconstruct each view. The model is illustrated in Figure 15, and the corresponding loss
function is:

LUMVIB1
= ĨE(X1, X2, X3;Z)− β(ĨD(X1;Z) + ĨD(X2;Z) + ĨD(X3;Z)). (43)

Using the same library of terms as before:
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LUMVIB1
≈ 1

N

N∑
i=1

DKL(p(z|x1i, x2i, x3i)‖r(z))

− β

(
1

N

N∑
i=1

∫
dzp(z|x1i, x2i, x3i) ln(q(x1i|z)) +

1

N

N∑
i=1

∫
dzp(z|x1i, x2i, x3i) ln(q(x2i|z))

+
1

N

N∑
i=1

∫
dzp(z|x1i, x2i, x3i) ln(q(x3i|z))

)
. (44)

• Shared and private latent representations (UMVIB2):

Gencoder

X1 X2 X3

Z1 Z2 Z3

Z

Gdecoder

X1 X2 X3

Z1 Z2 Z3

Z

Figure 16: Encoder and decoder graphs for shared and private latent representations UMVIB

An alternative formulation introduces both a shared latent variable Z and private latent
variables Z1, Z2, and Z3, corresponding to each view. This structure extends DVCCA-private
to three variables. Each view Xi is reconstructed from its private latent representation Zi along
with the shared latent variable Z. The model is illustrated in Fig. 16, and the corresponding
loss function is:

LUMVIB2
= ĨE((X1, X2, X3);Z) + ĨE(X1;Z1) + ĨE(X2;Z2) + ĨE(X3;Z3)

− β(ĨD(X1; (Z,Z1)) + ĨD(X2; (Z,Z2)) + ĨD(X3; (Z,Z3))). (45)

Using the same library of terms as before, this becomes:

LUMVIB2 ≈
1

N

N∑
i=1

DKL(p(z|x1i, x2i, x3i)‖r(z)) +

3∑
j=1

1

N

N∑
i=1

DKL(p(zj |xji)‖rj(z))

− β

(
1

N

N∑
i=1

∫
dzdz1dz2dz3p(z|x1i, x2i, x3i)p(z1|x1i)p(z2|x2i)p(z3|x3i) ln(q(x1i|z, z1))

+
1

N

N∑
i=1

∫
dzdz1dz2dz3p(z|x1i, x2i, x3i)p(z1|x1i)p(z2|x2i)p(z3|x3i) ln(q(x2i|z, z2))

+
1

N

N∑
i=1

∫
dzdz1dz2dz3p(z|x1i, x2i, x3i)p(z1|x1i)p(z2|x2i)p(z3|x3i) ln(q(x3i|z, z3))

)
. (46)

B.3.2 Supervised Multi-View IB

Several approaches in the literature, such as Lee and Van der Schaar (2021); Wang et al. (2019);
Huang et al. (2022); Grazioli et al. (2022), focus on compressing multiple views or modalities Xi into
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one or more latent variables Z (or Z and Zi) and uses Z to predict a supervisory signal/label Y (or
in addition to using both Z and Zi to reconstruct Xi as well). Within this framework, we can also
consider two primary formulations:

• Single shared latent representation (SMVIB1):

Gencoder

X1 X2 X3 Y

Z

Gdecoder

X1 X2 X3 Y

Z

Figure 17: Encoder and decoder graphs for a single shared latent representation SMVIB

All views X1, X2, and X3 are compressed into a single latent variable Z, which is then used to
predict the supervising signal Y . The model is illustrated in Figure 17, and the corresponding
loss function is:

LSVMIB1 = ĨE(X1, X2, X3;Z)− β(ĨD(Y ;Z)). (47)

Using the same library of terms as before, we get:

LSMVIB1
≈ 1

N

N∑
i=1

DKL(p(z|x1i, x2i, x3i)‖r(z))−β

(
1

N

N∑
i=1

∫
dzp(z|x1i, x2i, x3i) ln(q(yi|z))

)
.

(48)

• Shared and private latent representations (SMVIB2):

Gencoder

X1 X2 X3 Y

Z1 Z2 Z3 Z

Gdecoder

X1 X2 X3 Y

Z1 Z2 Z3 Z

Figure 18: Encoder and decoder graphs for shared and private latent representations SMVIB

An alternative formulation introduces both a shared latent variable Z and private latent
variables Z1, Z2, and Z3, corresponding to each view. The shared latent variable Z reconstructs
the supervising signal Y . In addition, each view Xi is reconstructed from its private latent
representation Zi along with the shared latent variable Z. The model is illustrated in Figure 18,
and the corresponding loss function is:

LSMVIB2 = ĨE((X1, X2, X3);Z) + ĨE(X1;Z1) + ĨE(X2;Z2) + ĨE(X3;Z3)

− β(ĨD(X1; (Z,Z1)) + ĨD(X2; (Z,Z2)) + ĨD(X3; (Z,Z3)) + ĨD(Z;Y )). (49)
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Using the same library of terms as before, this becomes:

LSMVIB2 ≈
1

N

N∑
i=1

DKL(p(z|x1i, x2i, x3i)‖r(z)) +

3∑
j=1

1

N

N∑
i=1

DKL(p(zj |xji)‖rj(z))

− β
(

1

N

N∑
i=1

∫
dzdz1dz2dz3p(z|x1i, x2i, x3i)p(z1|x1i)p(z2|x2i)p(z3|x3i) ln(q(x1i|z, z1))

+
1

N

N∑
i=1

∫
dzdz1dz2dz3p(z|x1i, x2i, x3i)p(z1|x1i)p(z2|x2i)p(z3|x3i) ln(q(x2i|z, z2))

+
1

N

N∑
i=1

∫
dzdz1dz2dz3p(z|x1i, x2i, x3i)p(z1|x1i)p(z2|x2i)p(z3|x3i) ln(q(x3i|z, z3))

+
1

N

N∑
i=1

∫
dzdyp(z|x1i, x2i, x3i)p(yi|z)

)
. (50)

B.3.3 Discussion

There exist many other structures that have been explored in the multi-view representation learning
literature, including conditional VIB (Shi et al., 2019; Hwang et al., 2021), which is formulated in
terms of conditional information. These types of structures are beyond the current scope of our
framework. However, they could be represented by an encoder mapping from all independent views
Xν to Z, subtracted from another encoder mapping from the joint view ~X to Z. Coupled with this
would be a decoder mapping from Z to the independent views Xν (or the joint view ~X, analogous to
the Joint-DVCCA). Similarly, one can use our framework to represent other multi-view approaches,
or their approximations (Lee and Van der Schaar, 2021; Wan et al., 2021; Hwang et al., 2021). This
underscores the breadth of methods seeking to address specific questions by exploring known or
assumed statistical dependencies within data, and also the generality of our approach, which can
re-derive these methods.

B.4 Widely used state of the art methods

B.4.1 Barlow Twins - BT

For Barlow Twins (Zbontar et al., 2021), two different views X and Y are compressed using the same
deterministic compression function µ(·) into ZX and ZY respectively (p(zx|x) = δ(zx − µ(x)) and
p(zy|y) = δ(zy − µ(y))). In training, one optimizes the cross-correlation matrix, C, between ZX and
ZY to be as close to identity as possible. This is equivalent to maximizing the information between
I(ZX , ZY ) when ZX and ZY are Gaussian. This has the same loss structure as the deterministic
symmetric information bottleneck with no reconstruction (Eq 15), but with a shared deterministic
encoder for both ZX and ZY .

LBT = −ĨD(ZX ;ZY ) =
1

2
(ln(det(I − CCT ))). (51)

This has the same minimum as:

LBT =
∑
i

(1− Cii)2 + λ
∑
i,j

C2
ij . (52)

B.4.2 Contrastive Language-Image Pretraining - CLIP

Contrastive Language-Image Pretraining (Radford et al., 2021) was introduced to learn visual concepts
from natural language supervision. CLIP simultaneously compresses both the text and the images
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into a common latent space by maximizing a similarity metric between the compression found for
the image and the text. Crucially, it also penalizes the similarity between samples of images and text
that are not paired with one another. The CLIP loss is

LCLIP =
−1

2N

N∑
i=1

ln

(
exp (~zxi · ~zyi/T )

1
N

∑N
j=1 exp (~zxi · ~zyj/T )

)
+
−1

2N

N∑
i=1

ln

(
exp (~zxi · ~zyi/T )

1
N

∑N
j=1 exp (~zxj · ~zyi/T )

)
(53)

where ~zxi = ~µZX (xi), ~zyi = ~µZY (yi) and the functions ~µZX and ~µZY are parameterized by networks.
We show now that LCLIP is related to the Symmetric Information Bottleneck, but with determin-

istic encoders for both ZX and ZY and in the β →∞ limit. Specifically, CLIP’s compression of the
views X and Y amounts to using deterministic encoder functions into ZX and ZY , respectively, such
that p(zx|x) = δ(~zx − ~µZX (x)) and p(zy|y) = δ(~zy − ~µZY (y)). Below we show that, if one represents
p(zx, zy) =

exp ( ~zx· ~zy/T )
Z , then, in the limit N → ∞, LCLIP → −I(ZX ;ZY ) + correction, where the

correction term is defined below and both it and I are estimated from samples. Further, if one instead
interprets p(zx|zy) = p(zy|zx) =

exp ( ~zx· ~zy/T )
Z , then LCLIP → −I(ZX ;ZY ) in the same N →∞ limit.

In both of these limits, LCLIP has the same structure as the deterministic symmetric information
bottleneck with no reconstruction, Eq. (15), but in the first case, there is an extra correction term.

In the expressions below, we use the limit sign, →, to indicate convergence for N →∞. That is,
by using the limit, we replace the average over a sample with the expectation value. We first start
with the case of p(zx, zy) =

exp ( ~zx· ~zy/T )
Z . Then:

LCLIP =
−1

2N

N∑
i=1

ln

(
exp (~zxi · ~zyi/T )

1
N

∑N
j=1 exp (~zxi · ~zyj/T )

)
+
−1

2N

N∑
i=1

ln

(
exp (~zxi · ~zyi/T )

1
N

∑N
j=1 exp (~zxj · ~zyi/T )

)

=
−1

2N

N∑
i=1

ln

(
p(zxi , zyi)

1
N

∑N
j=1 p(zxi , zyj )

)
+
−1

2N

N∑
i=1

ln

(
p(zxi , zyi)

1
N

∑N
j=1 p(zxj , zyi)

)

→ −1

2N

N∑
i=1

ln

(
p(zxi , zyi)∫

p(zy)p(zxi , zy)dzy

)
+
−1

2N

N∑
i=1

ln

(
p(zxi , zyi)∫

p(zx)p(zx, zyi)dzx

)

=
−1

N

N∑
i=1

ln

 p(zxi , zyi)√∫
p(zx)p(zx, zyi)dzx

∫
p(zy)p(zxi , zy)dzy


=
−1

N

N∑
i=1

ln

(
p(zxi , zyi)

p(zxi)p(zyi)

)
− 1

N

N∑
i=1

ln (p(zxi)p(zyi))

+
1

N

N∑
i=1

ln

(√∫
p(zx)p(zx, zyi)dzx

∫
p(zy)p(zxi , zy)dzy

)

→ −I(ZX , ZY ) +

∫
p(zx, zy) ln


√∫

p(z′x)p(z′x, zy)dz′x
∫
p(z′y)p(zx, z′y)dz′y

p(zx)p(zy)

 dzxdzy, (54)

proving the assertion.
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Now consider the case p(zy|zx) = p(zx|zy) =
exp (~zx·~zy/T )

Z . Then:

LCLIP =
−1

2N

N∑
i=1

ln

(
exp (~zxi · ~zyi/T )

1
N

∑N
j=1 exp (~zxi · ~zyj/T )

)
+
−1

2N

N∑
i=1

ln

(
exp (~zxi · ~zyi/T )

1
N

∑N
j=1 exp (~zxj · ~zyi/T )

)

=
−1

2N

N∑
i=1

ln

(
p(zxi |zyi)

1
N

∑N
j=1 p(zxi |zyj )

)
+
−1

2N

N∑
i=1

ln

(
p(zyi |zxi)

1
N

∑N
j=1 p(zyi |zxj )

)

→ −1

2N

N∑
i=1

ln

(
p(zxi |zyi)∫

p(zxi |zy)p(zy)dzy

)
+
−1

2N

N∑
i=1

ln

(
p(zyi |zxi)∫

p(zyi |zx)p(zx)dzx

)

=
−1

2N

N∑
i=1

ln

(
p(zxi |zyi)
p(zxi)

)
+
−1

2N

N∑
i=1

ln

(
p(zyi |zxi)
p(zyi)

)
→ −1

2
I(ZX ;ZY ) +

−1

2
I(ZX ;ZY ) = −I(ZX ;ZY ), (55)

which completes the proof.
We end this section by discussing these two interpretations of the CLIP loss function (the original

work by Radford et al. (2021) did not offer an interpretation).
For the first interpretation, we note that combining mutual information and the correction, which

is a nonlinear combination of probabilities under the log, is an unconventional choice. One cannot
argue with the exceptional success of CLIP on real-world data, and yet one must question whether
simplifying the loss by subtracting the empirically sampled version of the correction term from
Eq. (53) would lead to even better results.

For the second interpretation, we note that the assumption p(zx|zy) = p(zy|zx) is very restrictive.
It amounts to requiring either (i) a near-identity mapping between zx and zy, or (ii) that p(zx) = p(zy)
for all admissible values of zx and zy. The latter case is equivalent to saying that the marginal
distributions are uniform, and yet the joint is not.

In view of these arguments, it would be interesting to explore if replacing the CLIP loss function
with an empirically sampled version of the mutual information, I(ZX ;ZY )—that is, making CLIP
exactly an SIB problem—would result in better performance. It would also be interesting to explore
whether the embeddings learned by CLIP on real-world data result in satisfying p(zx|zy) = p(zy|zx).
More generally, it is interesting to explore whether there is another interpretation of exp (~zx·~zy/T )

Z
that would result in a more meaningful limit of the CLIP loss function LCLIP for N →∞.

Appendix C. Additional MNIST Results

In this section, we present supplementary results derived from the methods in Tables 1&4.

C.1 Additional results tables for the best parameters

We report classification accuracy using SVM on data X (SVM on Y is in the main text Tbl. 2), and
using neural networks on both X and Y .
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Table 6: Maximum accuracy from a linear SVM and the optimal kZ and β for variational DR
methods on the X dataset. († fixed values)

Method Acc. % kZbest 95% kZrange βbest 95% βrange
Baseline 57.8 784† - - -
PCA 58.0 256 [32,265*] - -
CCA 54.4 256 [8,265*] - -
β-VAE 84.4 256 [128,265*] 4 [2,8]
DVIB 87.3 128 [4,265*] 512 [8,1024*]
DVCCA 86.1 256 [64,265*] 1† -
β-DVCCA 88.9 256 [128,265*] 4 [1,128]
DVCCA-private 85.3 128 [32,265*] 1† -
β-DVCCA-private 85.3 128 [32,265*] 1 [1,8]
DVSIB 92.9 256 [64,265*] 256 [4,1024*]
DVSIB-private 92.6 256 [32,265*] 128 [8,1024*]

Table 7: Maximum accuracy from a feed forward neural network and the optimal kZ and β for
variational DR methods on the Y and the joined [X,Y ] datasets. († fixed values)

Method Acc. % kZbest 95% kZrange βbest 95% βrange
Baseline 92.8 784† - - -
PCA 97.6 128 [16,256*] - -
CCA 90.2 256 [32,256*] - -
β-VAE 98.4 64 [8,256*] 64 [2,1024*]
DVIB 90.4 128 [8,256*] 1024 [8,1024*]
DVCCA 91.3 16 [4,256*] 1† -
β-DVCCA 97.5 128 [8,256*] 512 [2,1024*]
DVCCA-private 93.8 16 [2,256*] 1† -
β-DVCCA-private 97.5 256 [2,256*] 32 [1,1024*]
DVSIB 98.3 256 [4,256*] 32 [2,1024*]
DVSIB-private 98.3 256 [4,256*] 32 [2,1024*]
Baseline-joint 97.7 1568† - - -
joint-DVCCA 93.7 256 [8,256*] 1† -
β-joint-DVCCA 98.9 64 [8,256*] 512 [2,1024*]
joint-DVCCA-private 93.5 16 [4,256*] 1† -
β-joint-DVCCA-private 95.6 32 [4,256*] 512 [1,1024*]

C.2 t-SNE embeddings at best parameters

Figure 19 display 2d t-SNE embeddings for variables ZX and ZY generated by various considered
DR methods.

C.3 t-SNE embeddings at kZX = kZY = 2

We now demonstrate how different DR methods behave when the compressed variables are restricted
to have not more than 2 dimensions, cf. Fig. 20.
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Table 8: Maximum accuracy from a neural network the optimal kZ and β for variational DR methods
on the X dataset. († fixed values)

Method Acc. % kZbest 95% kZrange βbest 95% βrange
Baseline 92.8 784† - - -
PCA 91.9 64 [32,256*] - -
CCA 72.6 256 [256,256*] - -
β-VAE 93.3 256 [16,256*] 256 [2,1024*]
DVIB 87.5 4 [2,256*] 1024 [4,1024*]
DVCCA 87.5 128 [8,256*] 1† -
β-DVCCA 92.2 64 [8,256*] 32 [2,1024*]
DVCCA-private 88.2 8 [8,256*] 1† -
β-DVCCA-private 90.7 256 [4,256*] 8 [1,1024*]
DVSIB 93.9 128 [8,256*] 16 [2,1024*]
DVSIB-private 92.8 32 [8,256*] 256 [4,1024*]

Figure 19: Clustering of embeddings for best β, kZX (top) kZY (bottom) for DVSIB and β-DVCCA.
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Figure 20: Clustering of embeddings when restricting kZ = 2 for DVSIB and β-DVCCA colored by
labels, rotations, scales, and noise factors, respectively. The top two rows show results for
the X dataset, while the bottom two rows correspond to the Y dataset.

C.4 DVSIB-private embeddings

C.4.1 At best parameters

Figure 21 shows the t-SNE embeddings of the private latent variables constructed by DVSIB-private,
colored by the digit label. To the extent that the labels do not cluster, private latent variables do
not preserve the label information shared between X and Y .

C.4.2 At kZX = kZY = 2

Figure 22 shows the embeddings constructed by DVSIB-private, colored by the digit label, rotations,
scales, and noise factors for X and Y . Private latent variables at 2 latent dimensions preserve a little
about the label information shared between X and Y , but clearly preserve the scale information for
X, even at only two latent dimensions.

C.5 Testing Training Efficiency

We tested an SVM’s classification accuracy for distinguishing digits based on latent subspaces created
by DVSIB, β-VAE, CCA, and PCA trained using different amounts of samples. Figure 5 in the main
text shows the results for 60 epochs of training with latent spaces of dimension kZX = kZY = 64. The
DVSIB and β-VAE were trained with β = 1024. Figure 23 shows the SVM’s classification accuracy
for a range of latent dimensions (from right to left): kZX = kZY = 2, 16, 64, 256. Additionally, it
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Figure 21: DVSIB-private t-SNE embeddings at best kZ and β: Top row shows ZX (left) and ZY
(right). Second and third rows display WX and WY , colored by labels, rotations, scales,
and noise factors, respectively. Bottom row presents digit reconstructions using both
shared and private information, demonstrating how private components capture variations
in background, scaling, and rotation.

shows the results for different amounts of training time for the encoders ranging from 20 epochs (top
row) to 100 epochs (bottom row). As explained in the main text, we plot a log-log graph of 100−A
versus 1/n. Plotted in this way, high accuracy appears at the bottom, and large sample sizes are at
the left of the plots. DVSIB, β-VAE, and CCA often appear linear when plotted this way, implying
that they follow the form A = 100− c/nm. Steeper slopes m on these plots correspond to a faster
increase in the accuracy with the sample size. This parameter sweep shows that the tested methods
have not had time to fully converge at low epoch numbers. Additionally, increasing the number of
latent dimensions helps the SVMs untangle the non-linearities present in the data and improves the
corresponding classifiers.
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Figure 22: DVSIB-private embeddings: The first two rows correspond to ZX and ZY , respectively,
while the third and fourth rows showWX andWY . Each row is colored by labels, rotations,
scales, and noise factors, respectively.
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Figure 23: Log-log plot of 100−A vs 1/n. DVSIB has a steeper slope than β-VAE corresponding
to faster convergence with fewer samples for DVSIB. Plots vary kZ = 2, 16, 64, 256 and
training epochs 20, 40, 60, 80, 100.
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Appendix D. Convolutional DVSIB

D.1 Noisy CIFAR-100 dataset
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Figure 24: Examples from the Noisy CIFAR-100 dataset. Each column shows instances from a random
category from CIFAR-100. For each category, we show an example of an unperturbed
image of that class (top), a rotated and scaled example image from the class X (middle),
and a noised example image from the class with Perlin background noise Y (bottom).
The correlation between the X and Y views is calculated for the shown pairs.

We evaluate different DR methods on an adaptation of the CIFAR-100 dataset (Krizhevsky, 2009).
CIFAR-100 consists of 60, 000 color images in 100 classes, with 600 images per class. Each image is of
size 32× 32 pixels and has 3 color channels (RGB), corresponding to a total number of 3072 pixels.

To create the Noisy CIFAR-100 dataset, we generate two distinct views of each image class.
The first view (X) is the original image, which is randomly rotated by an angle uniformly sampled
between 0 and π

2 and scaled by a factor uniformly distributed between 0.5 and 1.5. The second view
(Y ) is derived from the original image but with an added background Perlin noise (Perlin, 1985),
where the noise factor is independently sampled for each RGB channel from a uniform distribution
between 0 and 1. Both views are rescaled to have pixel intensities in the range [0, 1).

The dataset was shuffled within labels, retaining only the shared label identity between the two
transformed views (X and Y ). The dataset is partitioned into training (80%), testing (10%), and
validation (10%) subsets.

Figure 24 illustrates some representative examples from different categories in the Noisy CIFAR-
100 dataset. For each shown category, we show an original image, a transformed image from X
(rotated and scaled), and a noisy image from Y (with Perlin noise).

D.2 Architecture

Since the Noisy CIFAR-100 dataset is more complex, and to showcase the flexibility of our framework
with diverse data modalities, we extend our model to incorporate convolutional neural networks
(CNNs) for the encoder and decoder architectures. Unlike the fully connected feed-forward networks
used for Noisy MNIST, the convolutional structures are better suited for handling images with
multiple channels.

We use convolutional encoders and decoders as detailed in the D.2.1 & D.2.2 for the Variational
Autoencoder (VAE), β-DVCCA, DVCCA (β = 1), and DVSIB models. While Conv-VAE is
well established in the literature (Rezende et al., 2014; Pu et al., 2016; Kingma et al., 2014), we
introduce novel adaptations: Conv-β-DVCCA and Conv-DVSIB. Additionally, we enhance DVSIB
by integrating a clipped version of the MINE estimator, known as SMILE (Song and Ermon, 2019).
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This modified estimator, set with a clipping factor τ = 5, is described in detail in the D.2.3. The
SMILE estimator improves the estimation stability and accuracy of mutual information, leading to
enhanced performance of Conv-DVSIB.

D.2.1 Encoder IE(X;ZX)

The convolutional encoder architecture is designed to handle the 32 × 32 × 3 image input, using
three convolutional layers. The first layer has 64 filters, followed by batch normalization and ReLU
activation, followed by a max-pooling layer to reduce the spatial dimensions. The second convolutional
layer has 128 filters, also followed by batch normalization, ReLU activation, and max-pooling. The
final convolutional layer consists of 256 filters, further reducing the image dimensions with max-
pooling. All the convolutional layers have a kernel size of 3×3 and padding of 1, with the max-pooling
layers having a stride of 2

The flattened output of the convolutional layers is passed through a fully connected layer of size
1024 with ReLU activation and dropout of 0.5 for regularization, then another fully connected linear
layer of size 1024. Then the 1024 dimensional representation is mapped to two output layers that
generate the mean (µ) and log variance (log σ2) for the latent space. The fully connected layers are
initialized with Xavier initialization (Glorot and Bengio, 2010) for stability.

D.2.2 Decoder ID(X;ZX)

The convolutional decoder mirrors this structure in reverse. Starting from the latent representation,
it expands the data through two fully connected layers of size 1024, reshaping it to a 256× 4× 4
tensor. The deconvolutional layers upsample the feature maps back to the original image size using
transpose convolutions, with batch normalization and ReLU activation, and a final Sigmoid activation
to ensure pixel intensities lie in the range [0, 1].

D.2.3 Mutual Information Estimator ISMILE(ZX ;ZY )

To enhance the mutual information estimation in Conv-DVSIB, we employ the SMILE estimator
(Song and Ermon, 2019), explained in more detail in Appx. A.3.

The SMILE estimator is implemented using a concatenated critic with three hidden layers, each
containing 256 neurons. The input layer takes the joint low-dimensional representations from both
views, [ZX , ZY ], and maps them to a single-neuron output layer. This adaptation significantly
stabilizes the learning of mutual information and contributes to improved performance in the
Conv-DVSIB model.

D.3 Results - Tables

Table 10 summarizes the linear SVM classification accuracy for each method tested: Conv-VAE,
Conv-β-DVCCA, Conv-DVCCA (β = 1), and Conv-DVSIB. Since Noisy CIFAR-100 is a more
challenging multi-class dataset compared to Noisy MNIST, and we have simple implementations for
the encoders and decoders, we report the top-k accuracies for k = 1, 5, 10, 20, where top-k refers
to the fraction of instances where the true class is among the top-k predicted classes. The table
reports the test accuracies, using a separate dataset that was not seen during training or validation.
The values of kZ shown are the ones that gave the highest accuracy for each method after sweeping
over different kZ values. We found that β = 1024 consistently gave the best results for all methods
(Sec. D.4). The results indicate that Conv-DVSIB outperforms all other methods across different
top-k accuracies. In addition, our newly improved method Conv-β-DVCCA clearly outperforms the
original Conv-DVCCA keeping all other parameters fixed. Note that this is not meant to compete
with the best possible accuracy for the Noisy CIFAR-100 algorithms which is beyond the message
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of this paper, but rather to show the comparable behavior of all the methods on equal footage. A
better comparison moving towards the state-of-the-art level is in Sec.E.

D.3.1 SVM on X

Table 9: Linear SVM classification accuracy on Noisy CIFAR (X
data). We report the top-k accuracies for k = 1, 5, 10, 20, along with
the corresponding kZ values that provided the highest accuracies for
each method. The methods tested are Conv-VAE, Conv-β-DVCCA,
Conv-DVCCA (β = 1), and Conv-DVSIB. The best results are
shown in bold.

Method Top 1 kZ Top 5 kZ Top 10 kZ Top 20 kZ
Conv-VAE 8.43 128 24.67 128 36.97 128 54.28 128
Conv-DVCCA 0.72 2 3.72 2 7.85 2 16.55 2
Conv-β-DVCCA 10.65 128 30.17 128 42.83 128 57.83 128
Conv-DVSIB 14.72 128 38.23 128 52.58 16 68.48 16

D.3.2 SVM on Y

Table 10: Linear SVM classification accuracy on Noisy CIFAR (Y
data). We report the top-k accuracies for k = 1, 5, 10, 20, along with
the corresponding kZ values that provided the highest accuracies for
each method. The methods tested are Conv-VAE, Conv-β-DVCCA,
Conv-DVCCA (β = 1), and Conv-DVSIB. The best results are
shown in bold.

Method Top 1 kZ Top 5 kZ Top 10 kZ Top 20 kZ
Conv-VAE 13.93 64 35.97 64 49.6 64 65.25 64
Conv-DVCCA 0.72 2 3.72 2 7.85 2 16.55 2
Conv-β-DVCCA 15.07 128 35.63 128 48.33 128 64.2 64
Conv-DVSIB 23.75 128 52.15 32 65.13 32 78.93 32

D.4 Results - Figures

In the supplementary figures, we further analyze the impact of kZ and β on the performance:
1. Figure 25 shows the effect of varying kZ on top-k accuracy, with β value chosen to maximize

the reported accuracy. The x-axis represents different values of kZ , while the four columns display
the top-1, top-5, top-10, and top-20 accuracies. The first row shows results for the X data, while the
second row shows results for the Y data.

2. Figure 26 illustrates the effect of varying β with kZ value chosen to maximize the reported
accuracy. The x-axis represents different values of β, and the columns correspond to the different
top-k accuracies as described above.
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D.4.1 kZ sweeps
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Figure 25: Top-k classification accuracies (Top-1, Top-5, Top-10, Top-20) as a function of kZ for
Noisy CIFAR. The x-axis shows different values of kZ , and β is fixed at the highest value
tested (β = 1024). The first row shows results for X data, while the second row shows
results for Y data. We observe a saturation or decline in accuracy beyond kZ = 128.
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Figure 26: Top-k classification accuracies (Top-1, Top-5, Top-10, Top-20) as a function of β for Noisy
CIFAR. The x-axis shows different values of β, with kZ fixed at the highest value tested
(kZ = 128). The first row shows results for X data, while the second row shows results for
Y data. We notice an increase in accuracy as β increases up to 1024.
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Appendix E. ResNet-DVSIB

E.1 Barlow Twins and Mixed Barlow Twins

Self-supervised learning (SSL) methods such as Barlow Twins (Zbontar et al., 2021) have demonstrated
remarkable performance in representation learning tasks. However, a key limitation of the standard
Barlow Twins (BT) approach is its tendency to overfit the training data, particularly when trained
on small or moderate-sized datasets. To address this issue, Bandara et al. (2023) introduced a
mixup-based regularization technique that significantly improves generalization by encouraging better
alignment between augmented views of the same data.

The Barlow Twins objective is formulated as:

LBT =
∑
i

(1− Cii)2 + λ
∑
i

∑
j 6=i

C2
ij , (56)

where C is the cross-correlation matrix of the normalized embeddings from two different augmentations
of the same image, and λ controls the weight of the off-diagonal terms.

To further improve generalization, Bandara et al. (2023) proposed a mixup-based regularization.
Given an image batch x, they generate two augmentations ya and yb and compute their corresponding
embeddings za and zb using a ResNet (18 or 50)3 (He et al., 2016) backbone. A mixed input is
constructed as:

ym = αya + (1− α)yπb , (57)

where α ∼ Beta(1.0, 1.0) and π is a random permutation of batch indices. The mixed embedding zm
is then computed using the same encoder network. The regularization loss is computed based on the
difference between the estimated and ground-truth cross-correlation matrices:

Lmix = λmixλ

∑
i,j

(Cam − Ca,gtm )2 +
∑
i,j

(Cbm − Cb,gtm )2

 , (58)

where Cam and Cbm are the cross-correlation matrices for the mixed embeddings with respect to za
and zb, and Ca,gtm and Cb,gtm are their corresponding ground-truth values.

The total loss is then:
L = LBT + Lmix. (59)

E.2 ResNet-DVSIB: Adaptation for Variational Information Bottleneck

We extend the DVSIB architecture (Sec. 2.1) by incorporating elements of the Barlow Twins approach
and comparing it to Barlow Twins (Zbontar et al., 2021) and the Mixed Barlow Twins (Bandara
et al., 2023).

E.2.1 Encoder IE(X;ZX)

The encoder follows the ResNet-18 backbone up to the 512-dimensional embedding layer, followed by
a modified projection head, then a fully connected layer mapping (512, 512). The layer is followed by
a Batch normalization and a ReLU activation. Then followed by two parallel output layers of size
(512, kZµ) and (512, kZlog σ2

) to produce the mean and log-variance of the variational posterior.

E.2.2 Decoder ID(X;ZX)

The decoder reconstructs images from a lower-dimensional feature representation and is designed to
mirror a ResNet-18 encoder. It consists of a decoder-projection head and a transposed convolutional

3. For all of this section, we use the ResNet-18 backbone
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decoder. The decoder-projection head is a two-layer fully connected network that projects the
embedded dimensionality feature vector (RkZ ) to match the ResNet 18 encoder’s final output
dimension (R512), with batch normalization and ReLU activation applied after each layer. The
transposed convolutional decoder then progressively upsamples the feature map from (512, 1, 1)
to (3, 32, 32) through a sequence of six transposed convolutional layers, each followed by batch
normalization and ReLU activation, except for the final output layer, with proper padding and
strides.

E.2.3 Mutual Information Estimator IInfoNCE(ZX ;ZY )

The mutual information term is estimated using the InfoNCE estimator with a separable critic (Oord
et al., 2018). The critic consists of two networks, g and h, each with a fully connected layer mapping:
(kZ , 512) with Xavier uniform initialization (Glorot and Bengio, 2010), and a ReLU activation
followed by a fully connected final layer of (512, 8192), also with a Xavier uniform initialization.
These networks compute g(ZX) and h(ZY ), which are then combined via a dot product to form a
separable critic function f(ZX , ZY ) = g(X) · h(Y ) for InfoNCE. The estimator is explained in more
detail in Appx. A.3

E.3 Training Setup and Results
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Figure 27: k-NN classification accuracy over train-
ing for top-1 and top-5 on the ResNet-
DVSIB model using the CIFAR-100
dataset. The figure shows saturation
around 50 epochs, with minor fluctua-
tions afterward.

To make our ResNet-DVSIB architecture re-
semble BT, we enforce both encoding terms,
IE(X;ZX) and IE(Y ;ZY ), to share the same
encoder. Similarly, the decoder is also shared for
both views. The representations ZX and ZY are
then obtained by passing the two augmented ver-
sions, X and Y , through this common encoder
network4.

We initialize the encoder portion of ResNet-
DVSIB (before the projection head) using the
pre-trained model from Bandara et al. (2023)
trained on CIFAR-100 at a kZ of 1024, where
the reported top-1 accuracy is 61%5. We replace
the projection head with our variational head
at kz = 128, while initializing the decoder and
mutual information estimator from scratch.

During training, and because the encoder
portion is already a good starting point, we set
its loss weight to zero (L = 0 ∗ IE − βID) but
allow it to train indirectly through the other
terms ID in the loss, but with a learning rate of
0.1× the base learning rate. The full model is
optimized using cosine annealing with an initial
learning rate of 10−3, running for 1000 epochs
with early stopping after 100 epochs of no improvement. Training stabilizes around 50 epochs, with
a highest top-1 accuracy of 58.6% (top-5: 84.28%) achieved around 500 epochs, as shown in Fig. 27.

4. More generally, this setup can be applied in DVSIB when we want to ensure that the same features are learned
from different inputs.

5. Saved model and code of Bandara et al. (2023) available at https://github.com/wgcban/mix-bt/tree/main. We
adapted parts of this code to integrate with ours and made the necessary modifications to align it with our
ResNet-DVSIB setup
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Noting that Bandara et al. (2023) report the top-1 accuracy of the original BT on the CIFAR-100
dataset to be around 50% for kZ = 128 and around 58% for kZ = 1024, while the mixed BT reports
around 60% and 61% for kZ = 128, 1024 respectively6.

E.4 Discussion

Our results show that the adapted DVSIB framework achieves comparable performance to the
1024-dimensional BT model while using only 128 latent dimensions. Additionally, our model not
only produces useful representations, but also learns a latent distribution and includes a decoder,
allowing for further interpretability. Although no exhaustive tuning was performed, these results
demonstrate the viability of the DVSIB method, and the DVMIB framework in general, in achieving
near-the-state-of-the-art performance in self-supervised learning.

6. Refer to Figure 3 of Bandara et al. (2023) for BT and Figure 4 for mixed BT. Note that the only explicitly reported
value is for the mixed BT model at kZ = 1024, which was 61%, while other values were inferred from the graph.
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