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Abstract

Multi-view subspace learning aims to learn a shared representation from multiple sources
or views of an entity. The learned representation enables reconstruction of common pat-
terns of multi-view data, which helps dimensional reduction, exploratory data analysis,
missing view completion, and various downstream tasks. However, existing methods often
use simple structured approximations of the posterior of shared latent variables for the
sake of computational efficiency. Such oversimplified models have a huge impact on the
inference quality and can hurt the representation power. To this end, we propose a new
method for multi-view subspace learning that achieves efficient Bayesian inference with
strong representation power. Our method, coined CCA-Flow, bases on variational Canon-
ical Correlation Analysis and models the inference network as an Inverse Autoregressive
Flow (IAF). With the flow-based variational inference imposed on the latent variables, the
posterior approximations can be arbitrarily complex and flexible, and the model can still
be efficiently trained with stochastic gradient descent. Experiments on three benchmark
multi-view datasets show that our model gives improved representations of shared latent
variables and has superior performance against previous works.
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1. Introduction

Multi-view machine learning focuses on exploring the consistency and complementary prop-
erties of different views to improve the learning performance. Specifically, subspace multi-
view learning learns the shared representations of multiple views by considering the cor-
relation between different views, which is one of the basic problem for modern machine
learning because of its high efficiency and good representation ability. The learned latent
representations should maintain information from multi-view data, which can be helpful for
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exploratory data analysis, missing view completion, dimension reduction, or for downstream
tasks.

Canonical correlation analysis (CCA) is a well-established method for multi-view sub-
space learning. The basic idea is to project different views into a shared latent space and
maximize the correlation among the projections Hotelling (1936). Bach and Jordan (2005)
formulates CCA as a probabilistic graphical model (as shown in Figure 1), where the multi-
view observations are assumed generated from a shared latent variable. Thus the subspace
learning problem can be cast as an inference problem to infer the posterior distribution of
the latent variable from multi-view observations.

Following the line of CCA, there has been much effort to design inference models with
strong representation power. For example, kernel-based CCA methods transform multiple
views into the Hilbert space and learn a linear CCA upon it Lai and Fyfe (2000); Akaho
(2001); Melzer et al. (2001); Williams and Seeger (2001); Lopez-Paz et al. (2014); He et al.
(2017). Although proven effective on tabular cases, the scalability of kernel-based methods
are limited by the choice of kernels and the heavy computational cost of the Gram matrices.

With the rapid growth of deep learning, a more efficient and effective alternative is stud-
ied, namely the Deep CCA, which introduces deep neural networks to model the mappings
from observations to the latent space Andrew et al. (2013). In the past few years, the use
of multi-view auto-encoders (MVAE) Ngiam et al. (2011) has been proven effective across
a number of tasks including acoustics processing Wang et al. (2015b), word embedding Lu
et al. (2015), and image-text matching Yan and Mikolajczyk (2015). MVAE trains an auto-
encoder to model both the inference model (the encoder) and the generative model (the
decoder). Instead of learning a point estimation on the latent space as in Ngiam et al.
(2011); Andrew et al. (2013), variational CCA Wang et al. (2017) optimizes over a parame-
terized class of density functions to approximate the posterior of the latent variable. In this
way, the inference process tends to be more robust, and the method achieves state-of-the-art
performances over a number of multi-view learning tasks.

However, for computational efficiency, variational CCA often uses oversimplified struc-
ture for the posterior approximation. I.e., it assumes that the latent variable obey a diagonal
Gaussian distribution and the variables are independently distributed, which is obviously
unrealistic. Such oversimplification has a huge impact on the representation power.

We are interested to build a multi-view subspace learning methods with strong represen-
tation power as well as scalability to large and complex datasets. To this end, we propose a
novel model, coined CCA-Flow, which follows the structure of variational CCA and models
the inference network using Flow -based variational inference.

We model the generative and inference process of variational canonical correlation analy-
sis nonlinearly by deep neural networks. In particular, we incorporate inverse autoregressive
flow (IAF) Kingma et al. (2016) into the deep inference network, as it is known that richer
and more faithful posterior approximations do result in better performance Rezende and
Mohamed (2015). In this way, we can model the correlations among latent variables, and
obtain a sufficiently flexible and arbitrarily complex approximated posterior density. Hence,
our model can achieve strong representation power, especially for complex multi-view data.

Even though we model the latent variables with complex posterior density, we would
like to emphasis that our model is still able to achieve efficient training and fast test-time
inference. Specifically, our flow-based inference network consists of a chain of invertible
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Figure 1: Probabilistic CCA with shared latent z and private view-specific latents u1,u2.
Green dashed arrows: the generative process of the probabilistic graphical model.
Red arrows: the inference process to learn the latent representations from obser-
vations.

transformations based on autoregressive neural networks, so the inference is as fast as any
feed-forward neural networks. Meanwhile, since each network block of the inference network
is sophistically designed, the variational posterior density has a simple closed form, so the
whole model can be efficiently trained with back-propagation in an end-to-end manner.
Therefore, our method is scalable and efficient to use on large high-dimensional datasets.

To summarize, our contributions are as follows.

• We propose a generative variational multi-view subspace model with strong representation
power. We use deep neural networks to learn the latent representation, and build a flow-
based inference network which is able to fit arbitrarily complex and flexible posterior
density of the latent variables.

• We enable efficient learning by using IAF as the backbone of the inference network Kingma
et al. (2016) and use Monte Carlo Variational Inference (MCVI) to train the model in an
end-to-end manner.

• We conducted experiments on three benchmark multi-view datasets. The results showed
that our model has good representation ability of shared latent variables, and can reach
superior performance compared with a number of previous works.

2. Preliminary: Probabilistic CCA

In this section, we briefly introduce the probabilisitic formulation of canonical correlation
analysis (Probabilistic CCA) for multi-view subspace learning and the method of variational
CCA (VCCA). Note that, throughout this paper, we will formulate the multi-view learning
problem with two views for simplicity of notations. All the methods and statements can be
extended to multiple views without effort.

Let x1 and x2 be the input variables from two views with dimension d1 and d2, re-
spectively. Following the probabilistic formulation of CCA Bach and Jordan (2005), it is
assumed that there exists a shared latent variable z from which x1 and x2 can be gener-
ated. In this way, the two views x1 and x2 are naturally connected. Therefore, the task of
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subspace learning is to inference z from both x1 and x2. The probabilistic graphical model
in shown in Figure 1. The generative process is as follows:

xi ∼ N (Wiz + ui,Σi), i = 1, 2, (1)

where z ∈ Rd denotes the shared latent representation that is considered come from a
Guassian prior N (0, I). ui ∈ Rdi denotes the private or view-specific representation for
the ith view, and Wi and Σi denotes for the other parameters in the generative process.

Based on this probabilistic formulation, the problem of subspace learning turns into
the inference of u1,u2, z given observations x1,x2. However, due to the fact that an
exact inference of the posterior is intractable, variational CCA Wang et al. (2015a) adopts
variational Bayesian inference to approximate the posterior densities of u1,u2, and z. The
basic structure is shown in Figure 2. In the inference network, it uses stochastic feed-forward
with Gaussian noises to perform Monte Carlo Variational Inference (MCVI). Note that the
shared vector z can be dependent on either x1 or x2, so it can deal with the samples with
missing views.
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Figure 2: Variational CCA Wang et al. (2015a), which trains a Multi-View AutoEncoder
(MVAE) with variational inference. The posterior distributions of latent variables
u1,u2 and z are approximated with diagonal Gaussian distributions, which limits
the quality of inferences.

However, there is a key drawback of VCCA that the latent variable u1,u2, z’s varia-
tional posterior are assumed to be diagonal Gaussian, although the inference and generative
processes (also known as the encoder and decoder) are both non-linear models. It does not
consider the correlations among dimensions in the latent representations. Consequently,
such an oversimplified model limits the fitting power, and makes it difficult to apply to
multi-view data with complex structures and dependencies.

3. CCA-Flow

In order to enable efficient training and inference as well as better posterior approximation,
we propose a new method for multi-view subspace learning, namely Canonical Correlation
Analysis with Inverse Autoregressive Flow (CCA-Flow for short).

Firstly, instead of using linear mappings as in original CCA and VCCA, our CCA-
Flow adopts deep neural networks as the encoder and decoder to model the generative
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process p(x1,x2|u1,u2, z) and the inference process q(u1,u2, z|x1,x2), respectively. Sec-
ondly, CCA-Flow incorporates IAFs at each layer of the inference network, so as to reach
arbitrarily complex variational posteriors and also enable efficient learning.

3.1. Generation and inference with neural networks

By directly applying the Bayesian rule, the probability density of multi-view observations
x1 and x2 is formulated as follows:

p(x1,x2) =
p(x1,x2|u1,u2, z)p(u1,u2, z)

p(u1,u2, z|x1,x2)
, (2)

where p(u1,u2, z) is the prior density of latent variables, p(x1,x2|u1,u2, z) is the likeli-
hood of observations given the latents, and the denominator p(u1,u2, z|x1,x2) is the true
posterior density of latent variables.

However, as the true distribution of data is unknown, exact posterior inference is in-
tractable. Therefore, Variational Inference (VI) uses optimization to approximate the true
posterior with a parameterized variational posterior, denoted as q(u1,u2, z|x1,x2). The
goal of the optimization problem is to minimize the Kullback–Leibler (KL) divergence be-
tween the true posterior and the variational posterior, i.e.,

min
q∈Q

DKL

(
q(u1,u2, z|x1,x2)||p(u1,u2, z|x1,x2)

)
(3)

where Q denotes for a pre-specified class of parametrized probability densities.
By replacing the true posterior with the variational one in (2), we can have

log p(x1,x2) = DKL(q(u1,u2, z|x1,x2)||p(u1,u2, z|x1,x2))

+ Eq[log p(u1,u2, z) + log p(x1,x2|u1,u2, z)]

− Eq[log q(u1,u2, z|x1,x2)],

where Eq[·] is short for Eu1,u2,z∼q(u1,u2,z|x1,x2)[·].
Since the KL divergence is always non-negative by its definition, minimizing the KL

term is equivalent to maximizing the evidence lower bound (ELBO), also known as the
variational lower bound,

ELBO(q) = Eq[log p(u1,u2, z) + log p(x1,x2|u1,u2, z)− log q(u1,u2, z|x1,x2)]. (4)

In the rest of the paper, we use θ to denote the parameters in the generative model
p(x1,x2|u1,u2, z), and φ to parameterize the inference network q(u1,u2, z|x1,x2).

Specifically, in order to disentangle the relationships between multi-views, we further
make a natural assumption that u1,u2 and z has independent prior distributions, and are
independent given observations (x1,x2), i.e.,

p(u1,u2, z) = p0(u1)p0(u2)p0(z),

qφ(u1,u2, z|x1,x2) = qφ1(u1|x1)qφ2(u2|x2)qφz(z|x1,x2),

where the prior distributions are standard Gaussian: p0(u1), p0(u2), p0(z) ∼ N (0, I).
Also, we assume that each view xi is only dependent on the shared variable z and its own
private ui.
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m (t)
<latexit sha1_base64="tDBnofdH0PJ9gtnz5v1HIm3FioI=">AAACHHicbVDLSsNAFJ34rPVVdekmWAR1URIVdFlw41LB2kJTy2Rykw6dTMLMjVhCPsSNv+LGhSJuXAj+jdOHoNYDwxzOOZeZe/xUcI2O82nNzM7NLyyWlsrLK6tr65WNzWudZIpBgyUiUS2fahBcQgM5CmilCmjsC2j6/bOh37wFpXkir3CQQiemkeQhZxSN1K0ceT5EXOZU8EgeFB7CHfphPro55nFR3OR7uF94IIPvULdSdWrOCPY0cSekSia46FbevSBhWQwSmaBat10nxU5OFXImoCh7mYaUsj6NoG2opDHoTj5arrB3jRLYYaLMkWiP1J8TOY21HsS+ScYUe/qvNxT/89oZhqednMs0Q5Bs/FCYCRsTe9iUHXAFDMXAEMoUN3+1WY8qytD0WTYluH9XnibXhzX3qHZ4eVytO5M6SmSb7JA94pITUifn5II0CCP35JE8kxfrwXqyXq23cXTGmsxskV+wPr4ARyKjSA==</latexit>

m (t)
<latexit sha1_base64="tDBnofdH0PJ9gtnz5v1HIm3FioI=">AAACHHicbVDLSsNAFJ34rPVVdekmWAR1URIVdFlw41LB2kJTy2Rykw6dTMLMjVhCPsSNv+LGhSJuXAj+jdOHoNYDwxzOOZeZe/xUcI2O82nNzM7NLyyWlsrLK6tr65WNzWudZIpBgyUiUS2fahBcQgM5CmilCmjsC2j6/bOh37wFpXkir3CQQiemkeQhZxSN1K0ceT5EXOZU8EgeFB7CHfphPro55nFR3OR7uF94IIPvULdSdWrOCPY0cSekSia46FbevSBhWQwSmaBat10nxU5OFXImoCh7mYaUsj6NoG2opDHoTj5arrB3jRLYYaLMkWiP1J8TOY21HsS+ScYUe/qvNxT/89oZhqednMs0Q5Bs/FCYCRsTe9iUHXAFDMXAEMoUN3+1WY8qytD0WTYluH9XnibXhzX3qHZ4eVytO5M6SmSb7JA94pITUifn5II0CCP35JE8kxfrwXqyXq23cXTGmsxskV+wPr4ARyKjSA==</latexit>

s(t)
<latexit sha1_base64="mx/sYlC9FkPyhx/2ObeI3YD5ynU=">AAACHHicbVDLSsNAFJ34rPVVdekmWAR1URIVdFlw41LB2kJTy2Rykw6dTMLMjVhCPsSNv+LGhSJuXAj+jdOHoNYDwxzOOZeZe/xUcI2O82nNzM7NLyyWlsrLK6tr65WNzWudZIpBgyUiUS2fahBcQgM5CmilCmjsC2j6/bOh37wFpXkir3CQQiemkeQhZxSN1K0ceT5EXOZU8EgeFB7CHfphPro55roobvI93C88kMF3qFupOjVnBHuauBNSJRNcdCvvXpCwLAaJTFCt266TYienCjkTUJS9TENKWZ9G0DZU0hh0Jx8tV9i7RgnsMFHmSLRH6s+JnMZaD2LfJGOKPf3XG4r/ee0Mw9NOzmWaIUg2fijMhI2JPWzKDrgChmJgCGWKm7/arEcVZWj6LJsS3L8rT5Prw5p7VDu8PK7WnUkdJbJNdsgecckJqZNzckEahJF78kieyYv1YD1Zr9bbODpjTWa2yC9YH19QsqNO</latexit>

s(t)
<latexit sha1_base64="mx/sYlC9FkPyhx/2ObeI3YD5ynU=">AAACHHicbVDLSsNAFJ34rPVVdekmWAR1URIVdFlw41LB2kJTy2Rykw6dTMLMjVhCPsSNv+LGhSJuXAj+jdOHoNYDwxzOOZeZe/xUcI2O82nNzM7NLyyWlsrLK6tr65WNzWudZIpBgyUiUS2fahBcQgM5CmilCmjsC2j6/bOh37wFpXkir3CQQiemkeQhZxSN1K0ceT5EXOZU8EgeFB7CHfphPro55roobvI93C88kMF3qFupOjVnBHuauBNSJRNcdCvvXpCwLAaJTFCt266TYienCjkTUJS9TENKWZ9G0DZU0hh0Jx8tV9i7RgnsMFHmSLRH6s+JnMZaD2LfJGOKPf3XG4r/ee0Mw9NOzmWaIUg2fijMhI2JPWzKDrgChmJgCGWKm7/arEcVZWj6LJsS3L8rT5Prw5p7VDu8PK7WnUkdJbJNdsgecckJqZNzckEahJF78kieyYv1YD1Zr9bbODpjTWa2yC9YH19QsqNO</latexit>
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z (t�1)
<latexit sha1_base64="C8jYfwCYIjyqENzh/2M/pR4HdjQ=">AAACBHicbVC7TsMwFHV4lvIKMHaJqJDKQJUUJBgrsTAWiT6kNlSO67RWHSeybxAlysDCr7AwgBArH8HG3+CmGaDlSFf36Jx7Zd/jRZwpsO1vY2l5ZXVtvbBR3Nza3tk19/ZbKowloU0S8lB2PKwoZ4I2gQGnnUhSHHictr3x5dRv31GpWChuYBJRN8BDwXxGMGipb5Z6QO/B85OsM0ge0vQ2qcCJc5z2zbJdtTNYi8TJSRnlaPTNr94gJHFABRCOleo6dgRugiUwwmla7MWKRpiM8ZB2NRU4oMpNsiNS60grA8sPpS4BVqb+3khwoNQk8PRkgGGk5r2p+J/XjcG/cBMmohioILOH/JhbEFrTRKwBk5QAn2iCiWT6rxYZYYkJ6NyKOgRn/uRF0qpVndNq7fqsXLfzOAqohA5RBTnoHNXRFWqgJiLoET2jV/RmPBkvxrvxMRtdMvKdA/QHxucPVpuYdQ==</latexit>

z (t�1)
<latexit sha1_base64="C8jYfwCYIjyqENzh/2M/pR4HdjQ=">AAACBHicbVC7TsMwFHV4lvIKMHaJqJDKQJUUJBgrsTAWiT6kNlSO67RWHSeybxAlysDCr7AwgBArH8HG3+CmGaDlSFf36Jx7Zd/jRZwpsO1vY2l5ZXVtvbBR3Nza3tk19/ZbKowloU0S8lB2PKwoZ4I2gQGnnUhSHHictr3x5dRv31GpWChuYBJRN8BDwXxGMGipb5Z6QO/B85OsM0ge0vQ2qcCJc5z2zbJdtTNYi8TJSRnlaPTNr94gJHFABRCOleo6dgRugiUwwmla7MWKRpiM8ZB2NRU4oMpNsiNS60grA8sPpS4BVqb+3khwoNQk8PRkgGGk5r2p+J/XjcG/cBMmohioILOH/JhbEFrTRKwBk5QAn2iCiWT6rxYZYYkJ6NyKOgRn/uRF0qpVndNq7fqsXLfzOAqohA5RBTnoHNXRFWqgJiLoET2jV/RmPBkvxrvxMRtdMvKdA/QHxucPVpuYdQ==</latexit>

h
<latexit sha1_base64="YgEgn8xlivy0KLpmwlb9TY7aOP8=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclaQKuiy4cVnBPqANZTKdtEMnkzBzI4YQf8WNC0Xc+iHu/BunaRbaeuByD+fcy9w5fiy4Bsf5ttbWNza3tis71d29/YND++i4q6NEUdahkYhU3yeaCS5ZBzgI1o8VI6EvWM+f3cz93gNTmkfyHtKYeSGZSB5wSsBII7s2BPYIfpAVnUM2zfORXXcaTgG8StyS1FGJ9sj+Go4jmoRMAhVE64HrxOBlRAGnguXVYaJZTOiMTNjAUElCpr2sOD7HZ0YZ4yBSpiTgQv29kZFQ6zT0zWRIYKqXvbn4nzdIILj2Mi7jBJiki4eCRGCI8DwJPOaKURCpIYQqbm7FdEoUoWDyqpoQ3OUvr5Jus+FeNJp3l/WWU8ZRQSfoFJ0jF12hFrpFbdRBFKXoGb2iN+vJerHerY/F6JpV7tTQH1ifPwZqlZo=</latexit>

h
<latexit sha1_base64="YgEgn8xlivy0KLpmwlb9TY7aOP8=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclaQKuiy4cVnBPqANZTKdtEMnkzBzI4YQf8WNC0Xc+iHu/BunaRbaeuByD+fcy9w5fiy4Bsf5ttbWNza3tis71d29/YND++i4q6NEUdahkYhU3yeaCS5ZBzgI1o8VI6EvWM+f3cz93gNTmkfyHtKYeSGZSB5wSsBII7s2BPYIfpAVnUM2zfORXXcaTgG8StyS1FGJ9sj+Go4jmoRMAhVE64HrxOBlRAGnguXVYaJZTOiMTNjAUElCpr2sOD7HZ0YZ4yBSpiTgQv29kZFQ6zT0zWRIYKqXvbn4nzdIILj2Mi7jBJiki4eCRGCI8DwJPOaKURCpIYQqbm7FdEoUoWDyqpoQ3OUvr5Jus+FeNJp3l/WWU8ZRQSfoFJ0jF12hFrpFbdRBFKXoGb2iN+vJerHerY/F6JpV7tTQH1ifPwZqlZo=</latexit>

Figure 3: Inverse Autoregressive Transformation

With such parametrization, the variational lower bound is formulated as follows,

L(θ,φ;x1,x2) = Eq[log pθ(x1,x2|u1,u2, z)

+ log p0(u1) + log p0(u2) + log p0(z)

− log qφ(u1,u2, z|x1,x2)]. (5)

3.2. Improving the representation power with IAF

As mentioned, the latent variables u1,u2, z’s variational posterior are usually oversimpli-
fied as diagonal Gaussian in existing works such as VCCA. However, the restriction is
too strong and has a huge impact on the inference quality. Inverse Autoregressive Flow
(IAF) Kingma et al. (2016), as an extension of Normalizing Flows Rezende and Mohamed
(2015), provides a flexible strategy for variance inference of the latent variable’s posterior
distribution. It contains a chain of inverse autoregressive transformations and scales well
to high-dimensional latent spaces, where each transformation is based on an autoregressive
neural network. IAF can learn strong variational posterior approximations to closely fit to
the true posterior distribution.

In this work, we incorporate IAFs to model the variational posterior for latent variables
u1, u2 and z. We take the shared latent variable z for an example to describe how to
construct the flexible variational posterior by IAF. Similar processes are applied to u1, u2

as well.

182



CCA-Flow

x 1
<latexit sha1_base64="8cPenGlLWCGV1WSXkvWffDrYlfQ=">AAAB/nicbVC7SgNBFJ01PmJ8rUoqm8UgWIXdWGgZsLGMYB6QLMvs5G4yZPbBzF1JWAL+io2FIra2/oKFYOWn6ORRaOKByz2ccy9z5/iJ4Apt+9NYya2urW/kNwtb2zu7e+b+QUPFqWRQZ7GIZcunCgSPoI4cBbQSCTT0BTT9weXEb96CVDyObnCUgBvSXsQDzihqyTOLHYQh+kE27Ryz4XjsOZ5Zssv2FNYyceakVM19fL8Vv6Dmme+dbszSECJkgirVduwE3YxK5EzAuNBJFSSUDWgP2ppGNATlZtPzx9aJVrpWEEtdEVpT9fdGRkOlRqGvJ0OKfbXoTcT/vHaKwYWb8ShJESI2eyhIhYWxNcnC6nIJDMVIE8ok17darE8lZagTK+gQnMUvL5NGpeyclSvXTqlqkxny5Igck1PikHNSJVekRuqEkYzck0fyZNwZD8az8TIbXTHmO4fkD4zXH/ejmn0=</latexit>

x 1
<latexit sha1_base64="8cPenGlLWCGV1WSXkvWffDrYlfQ=">AAAB/nicbVC7SgNBFJ01PmJ8rUoqm8UgWIXdWGgZsLGMYB6QLMvs5G4yZPbBzF1JWAL+io2FIra2/oKFYOWn6ORRaOKByz2ccy9z5/iJ4Apt+9NYya2urW/kNwtb2zu7e+b+QUPFqWRQZ7GIZcunCgSPoI4cBbQSCTT0BTT9weXEb96CVDyObnCUgBvSXsQDzihqyTOLHYQh+kE27Ryz4XjsOZ5Zssv2FNYyceakVM19fL8Vv6Dmme+dbszSECJkgirVduwE3YxK5EzAuNBJFSSUDWgP2ppGNATlZtPzx9aJVrpWEEtdEVpT9fdGRkOlRqGvJ0OKfbXoTcT/vHaKwYWb8ShJESI2eyhIhYWxNcnC6nIJDMVIE8ok17darE8lZagTK+gQnMUvL5NGpeyclSvXTqlqkxny5Igck1PikHNSJVekRuqEkYzck0fyZNwZD8az8TIbXTHmO4fkD4zXH/ejmn0=</latexit>

x 2
<latexit sha1_base64="iGyYKOF9VeUb0ZKsDIbcrBa6cR8=">AAAB/nicbVC7SgNBFJ01PmJ8rUoqm8UgWIXdWGgZsLGMYB6QhGV2cjcZMvtg5q4kLAv+io2FIra2/oKFYOWn6ORRaOKByz2ccy9z53ix4Apt+9NYya2urW/kNwtb2zu7e+b+QUNFiWRQZ5GIZMujCgQPoY4cBbRiCTTwBDS94eXEb96CVDwKb3AcQzeg/ZD7nFHUkmsWOwgj9Px02jmmoyxzK65Zssv2FNYyceakVM19fL8Vv6Dmmu+dXsSSAEJkgirVduwYuymVyJmArNBJFMSUDWkf2pqGNADVTafnZ9aJVnqWH0ldIVpT9fdGSgOlxoGnJwOKA7XoTcT/vHaC/kU35WGcIIRs9pCfCAsja5KF1eMSGIqxJpRJrm+12IBKylAnVtAhOItfXiaNStk5K1eunVLVJjPkyRE5JqfEIeekSq5IjdQJIym5J4/kybgzHoxn42U2umLMdw7JHxivP/knmn4=</latexit>

x 2
<latexit sha1_base64="iGyYKOF9VeUb0ZKsDIbcrBa6cR8=">AAAB/nicbVC7SgNBFJ01PmJ8rUoqm8UgWIXdWGgZsLGMYB6QhGV2cjcZMvtg5q4kLAv+io2FIra2/oKFYOWn6ORRaOKByz2ccy9z53ix4Apt+9NYya2urW/kNwtb2zu7e+b+QUNFiWRQZ5GIZMujCgQPoY4cBbRiCTTwBDS94eXEb96CVDwKb3AcQzeg/ZD7nFHUkmsWOwgj9Px02jmmoyxzK65Zssv2FNYyceakVM19fL8Vv6Dmmu+dXsSSAEJkgirVduwYuymVyJmArNBJFMSUDWkf2pqGNADVTafnZ9aJVnqWH0ldIVpT9fdGSgOlxoGnJwOKA7XoTcT/vHaC/kU35WGcIIRs9pCfCAsja5KF1eMSGIqxJpRJrm+12IBKylAnVtAhOItfXiaNStk5K1eunVLVJjPkyRE5JqfEIeekSq5IjdQJIym5J4/kybgzHoxn42U2umLMdw7JHxivP/knmn4=</latexit>

Inference
(encoder)

Generation
(decoder)

u
(0)
1

<latexit sha1_base64="uc/ZiGbbdovR10ypUJ/4k1ObGTQ=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4TXv2dVK2jtKeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMvX5wR</latexit>

u
(0)
1

<latexit sha1_base64="uc/ZiGbbdovR10ypUJ/4k1ObGTQ=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4TXv2dVK2jtKeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMvX5wR</latexit>

�✏
<latexit sha1_base64="PhvO+g0tlgj5WrxNF79PZnkzFpc=">AAAB9XicbVC7SgNBFL3rKzG+opY2g0GwCrux0M6AjVhFMA/IxjA7mU2GzM4sM7OGsOQ/LLRQxNZ/sfMb7G118ig08cCFwzn3cu89QcyZNq774Swtr6yuZbLruY3Nre2d/O5eTctEEVolkkvVCLCmnAlaNcxw2ogVxVHAaT3oX4z9+h1VmklxY4YxbUW4K1jICDZWuvVlRxrk01gzLkU7X3CL7gRokXgzUjj/evj+zFwNKu38u9+RJImoMIRjrZueG5tWipVhhNNRzk80jTHp4y5tWipwRHUrnVw9QkdW6aBQKlvCoIn6eyLFkdbDKLCdETY9Pe+Nxf+8ZmLCs1bKRJwYKsh0UZhwZCQaR4A6TFFi+NASTBSztyLSwwoTY4PK2RC8+ZcXSa1U9E6KpWuvUHZhiiwcwCEcgwenUIZLqEAVCCi4hyd4dgbOo/PivE5bl5zZzD78gfP2A6WglwA=</latexit>

�✏
<latexit sha1_base64="PhvO+g0tlgj5WrxNF79PZnkzFpc=">AAAB9XicbVC7SgNBFL3rKzG+opY2g0GwCrux0M6AjVhFMA/IxjA7mU2GzM4sM7OGsOQ/LLRQxNZ/sfMb7G118ig08cCFwzn3cu89QcyZNq774Swtr6yuZbLruY3Nre2d/O5eTctEEVolkkvVCLCmnAlaNcxw2ogVxVHAaT3oX4z9+h1VmklxY4YxbUW4K1jICDZWuvVlRxrk01gzLkU7X3CL7gRokXgzUjj/evj+zFwNKu38u9+RJImoMIRjrZueG5tWipVhhNNRzk80jTHp4y5tWipwRHUrnVw9QkdW6aBQKlvCoIn6eyLFkdbDKLCdETY9Pe+Nxf+8ZmLCs1bKRJwYKsh0UZhwZCQaR4A6TFFi+NASTBSztyLSwwoTY4PK2RC8+ZcXSa1U9E6KpWuvUHZhiiwcwCEcgwenUIZLqEAVCCi4hyd4dgbOo/PivE5bl5zZzD78gfP2A6WglwA=</latexit>

µ1
<latexit sha1_base64="WCWsvLuAjt2mV8ZEek69XD6Ojuk=">AAAB7HicbZA7SwNBFIXv+kziK2ppMxgECwm7sdAyYGMZwU0CyRJmZ2eTITOzy8ysEJY0NpY2ForY2vln7Pw1OnkUmnhg4OOce5l7b5hypo3rfjkrq2vrG5uFYmlre2d3r7x/0NRJpgj1ScIT1Q6xppxJ6htmOG2nimIRctoKh1eTvHVHlWaJvDWjlAYC9yWLGcHGWn5XZD2vV664VXcqtAzeHCr14kP08X1/1uiVP7tRQjJBpSEca93x3NQEOVaGEU7HpW6maYrJEPdpx6LEguognw47RifWiVCcKPukQVP3d0eOhdYjEdpKgc1AL2YT87+sk5n4MsiZTDNDJZl9FGccmQRNNkcRU5QYPrKAiWJ2VkQGWGFi7H1K9gje4srL0KxVvfNq7car1F2YqQBHcAyn4MEF1OEaGuADAQaP8AwvjnSenFfnbVa64sx7DuGPnPcfRm+R9w==</latexit>

µ1
<latexit sha1_base64="WCWsvLuAjt2mV8ZEek69XD6Ojuk=">AAAB7HicbZA7SwNBFIXv+kziK2ppMxgECwm7sdAyYGMZwU0CyRJmZ2eTITOzy8ysEJY0NpY2ForY2vln7Pw1OnkUmnhg4OOce5l7b5hypo3rfjkrq2vrG5uFYmlre2d3r7x/0NRJpgj1ScIT1Q6xppxJ6htmOG2nimIRctoKh1eTvHVHlWaJvDWjlAYC9yWLGcHGWn5XZD2vV664VXcqtAzeHCr14kP08X1/1uiVP7tRQjJBpSEca93x3NQEOVaGEU7HpW6maYrJEPdpx6LEguognw47RifWiVCcKPukQVP3d0eOhdYjEdpKgc1AL2YT87+sk5n4MsiZTDNDJZl9FGccmQRNNkcRU5QYPrKAiWJ2VkQGWGFi7H1K9gje4srL0KxVvfNq7car1F2YqQBHcAyn4MEF1OEaGuADAQaP8AwvjnSenFfnbVa64sx7DuGPnPcfRm+R9w==</latexit>

�1
<latexit sha1_base64="I8W1sLOQzAGL8AVBmdDPSk8hGLk=">AAAB73icbZC7SgNBFIbPJl5ivEXFymYxCFZhNxZaBmwsI5gLJEuYnZwkQ2Zm15lZISx5CRsLRWx9DF/BQrDyUXRyKTTxh4GP/z+HOeeEMWfaeN6nk8murK6t5zbym1vbO7uFvf26jhJFsUYjHqlmSDRyJrFmmOHYjBUSEXJshMPLSd64Q6VZJG/MKMZAkL5kPUaJsVazrVlfkI7fKRS9kjeVuwz+HIqV7Mf32+EXVjuF93Y3oolAaSgnWrd8LzZBSpRhlOM43040xoQOSR9bFiURqIN0Ou/YPbFO1+1Fyj5p3Kn7uyMlQuuRCG2lIGagF7OJ+V/WSkzvIkiZjBODks4+6iXcNZE7Wd7tMoXU8JEFQhWzs7p0QBShxp4ob4/gL668DPVyyT8rla/9YsWDmXJwBMdwCj6cQwWuoAo1oMDhHh7hybl1Hpxn52VWmnHmPQfwR87rD2T1k+g=</latexit>

�1
<latexit sha1_base64="I8W1sLOQzAGL8AVBmdDPSk8hGLk=">AAAB73icbZC7SgNBFIbPJl5ivEXFymYxCFZhNxZaBmwsI5gLJEuYnZwkQ2Zm15lZISx5CRsLRWx9DF/BQrDyUXRyKTTxh4GP/z+HOeeEMWfaeN6nk8murK6t5zbym1vbO7uFvf26jhJFsUYjHqlmSDRyJrFmmOHYjBUSEXJshMPLSd64Q6VZJG/MKMZAkL5kPUaJsVazrVlfkI7fKRS9kjeVuwz+HIqV7Mf32+EXVjuF93Y3oolAaSgnWrd8LzZBSpRhlOM43040xoQOSR9bFiURqIN0Ou/YPbFO1+1Fyj5p3Kn7uyMlQuuRCG2lIGagF7OJ+V/WSkzvIkiZjBODks4+6iXcNZE7Wd7tMoXU8JEFQhWzs7p0QBShxp4ob4/gL668DPVyyT8rla/9YsWDmXJwBMdwCj6cQwWuoAo1oMDhHh7hybl1Hpxn52VWmnHmPQfwR87rD2T1k+g=</latexit>

+h1
<latexit sha1_base64="OH5/AqVnrn0bdWTxgi+cohSrkmw=">AAAB/nicbVC7SgNBFJ1NfMT4ikoqm8UgWIXdWGgZsLGMYB6QLGF2cjcZMvtg5q4YlgV/xcZCEVtbf8FCsPJTdLJJoYkHLvdwzr3MneNGgiu0rE8jl19ZXVsvbBQ3t7Z3dkt7+y0VxpJBk4UilB2XKhA8gCZyFNCJJFDfFdB2xxdTv30DUvEwuMZJBI5PhwH3OKOopX6p3EO4RddLss4xGaVp3+6XKlbVymAuE3tOKvX8x/db+Qsa/dJ7bxCy2IcAmaBKdW0rQiehEjkTkBZ7sYKIsjEdQlfTgPqgnCQ7PzWPtTIwvVDqCtDM1N8bCfWVmviunvQpjtSiNxX/87oxeudOwoMoRgjY7CEvFiaG5jQLc8AlMBQTTSiTXN9qshGVlKFOrKhDsBe/vExatap9Wq1d2ZW6RWYokENyRE6ITc5InVySBmkSRhJyTx7Jk3FnPBjPxstsNGfMdw7IHxivP98jmm0=</latexit>

h1
<latexit sha1_base64="OH5/AqVnrn0bdWTxgi+cohSrkmw=">AAAB/nicbVC7SgNBFJ1NfMT4ikoqm8UgWIXdWGgZsLGMYB6QLGF2cjcZMvtg5q4YlgV/xcZCEVtbf8FCsPJTdLJJoYkHLvdwzr3MneNGgiu0rE8jl19ZXVsvbBQ3t7Z3dkt7+y0VxpJBk4UilB2XKhA8gCZyFNCJJFDfFdB2xxdTv30DUvEwuMZJBI5PhwH3OKOopX6p3EO4RddLss4xGaVp3+6XKlbVymAuE3tOKvX8x/db+Qsa/dJ7bxCy2IcAmaBKdW0rQiehEjkTkBZ7sYKIsjEdQlfTgPqgnCQ7PzWPtTIwvVDqCtDM1N8bCfWVmviunvQpjtSiNxX/87oxeudOwoMoRgjY7CEvFiaG5jQLc8AlMBQTTSiTXN9qshGVlKFOrKhDsBe/vExatap9Wq1d2ZW6RWYokENyRE6ITc5InVySBmkSRhJyTx7Jk3FnPBjPxstsNGfMdw7IHxivP98jmm0=</latexit>

hz
<latexit sha1_base64="WcPiarMnr82UlTian1EopmhxlZg=">AAAB/nicbVC7SgNBFJ01PmJ8rUoqm8UgWIXdWGgZsLGMYB6QhGV2cjcZMvtg5q4Yl4C/YmOhiK2tv2AhWPkpOtmk0MQDl3s4517mzvFiwRXa9qexlFteWV3Lrxc2Nre2d8zdvYaKEsmgziIRyZZHFQgeQh05CmjFEmjgCWh6w/OJ37wGqXgUXuEohm5A+yH3OaOoJdcsdhBu0PPTrHNMB+Oxe+uaJbtsZ7AWiTMjpWru4/ut+AU113zv9CKWBBAiE1SptmPH2E2pRM4EjAudREFM2ZD2oa1pSANQ3TQ7f2wdaaVn+ZHUFaKVqb83UhooNQo8PRlQHKh5byL+57UT9M+6KQ/jBCFk04f8RFgYWZMsrB6XwFCMNKFMcn2rxQZUUoY6sYIOwZn/8iJpVMrOSbly6ZSqNpkiTw7IITkmDjklVXJBaqROGEnJPXkkT8ad8WA8Gy/T0SVjtrNP/sB4/QFN1pq2</latexit>

hz
<latexit sha1_base64="WcPiarMnr82UlTian1EopmhxlZg=">AAAB/nicbVC7SgNBFJ01PmJ8rUoqm8UgWIXdWGgZsLGMYB6QhGV2cjcZMvtg5q4Yl4C/YmOhiK2tv2AhWPkpOtmk0MQDl3s4517mzvFiwRXa9qexlFteWV3Lrxc2Nre2d8zdvYaKEsmgziIRyZZHFQgeQh05CmjFEmjgCWh6w/OJ37wGqXgUXuEohm5A+yH3OaOoJdcsdhBu0PPTrHNMB+Oxe+uaJbtsZ7AWiTMjpWru4/ut+AU113zv9CKWBBAiE1SptmPH2E2pRM4EjAudREFM2ZD2oa1pSANQ3TQ7f2wdaaVn+ZHUFaKVqb83UhooNQo8PRlQHKh5byL+57UT9M+6KQ/jBCFk04f8RFgYWZMsrB6XwFCMNKFMcn2rxQZUUoY6sYIOwZn/8iJpVMrOSbly6ZSqNpkiTw7IITkmDjklVXJBaqROGEnJPXkkT8ad8WA8Gy/T0SVjtrNP/sB4/QFN1pq2</latexit>

z (0)
<latexit sha1_base64="2XbwzpVyC/T1V3ERZyotfUlZS8M=">AAACAnicbVC7SgNBFJ2Nrxhf66MRm8UgxCbsxkI7AxZaRjAPSNYwO5lNhsw+mLkrJsti46/YWERES7/CztI/cbJJoYkHLvdwzr3M3OOEnEkwzS8ts7C4tLySXc2trW9sbunbOzUZRILQKgl4IBoOlpQzn1aBAaeNUFDsOZzWnf7F2K/fUSFZ4N/AIKS2h7s+cxnBoKS2vt8Ceg+OG6edQTxMktu4YB4nbT1vFs0UxjyxpiR//j78vhztxZW2/tnqBCTyqA+EYymblhmCHWMBjHCa5FqRpCEmfdylTUV97FFpx+kJiXGklI7hBkKVD0aq/t6IsSflwHPUpIehJ2e9sfif14zAPbNj5ocRUJ9MHnIjbkBgjPMwOkxQAnygCCaCqb8apIcFJqBSy6kQrNmT50mtVLROiqVrK1820QRZdIAOUQFZ6BSV0RWqoCoi6AE9oRF60R61Z+1Ve5uMZrTpzi76A+3jByXQm44=</latexit>

z (0)
<latexit sha1_base64="2XbwzpVyC/T1V3ERZyotfUlZS8M=">AAACAnicbVC7SgNBFJ2Nrxhf66MRm8UgxCbsxkI7AxZaRjAPSNYwO5lNhsw+mLkrJsti46/YWERES7/CztI/cbJJoYkHLvdwzr3M3OOEnEkwzS8ts7C4tLySXc2trW9sbunbOzUZRILQKgl4IBoOlpQzn1aBAaeNUFDsOZzWnf7F2K/fUSFZ4N/AIKS2h7s+cxnBoKS2vt8Ceg+OG6edQTxMktu4YB4nbT1vFs0UxjyxpiR//j78vhztxZW2/tnqBCTyqA+EYymblhmCHWMBjHCa5FqRpCEmfdylTUV97FFpx+kJiXGklI7hBkKVD0aq/t6IsSflwHPUpIehJ2e9sfif14zAPbNj5ocRUJ9MHnIjbkBgjPMwOkxQAnygCCaCqb8apIcFJqBSy6kQrNmT50mtVLROiqVrK1820QRZdIAOUQFZ6BSV0RWqoCoi6AE9oRF60R61Z+1Ve5uMZrTpzi76A+3jByXQm44=</latexit>

�✏
<latexit sha1_base64="PhvO+g0tlgj5WrxNF79PZnkzFpc=">AAAB9XicbVC7SgNBFL3rKzG+opY2g0GwCrux0M6AjVhFMA/IxjA7mU2GzM4sM7OGsOQ/LLRQxNZ/sfMb7G118ig08cCFwzn3cu89QcyZNq774Swtr6yuZbLruY3Nre2d/O5eTctEEVolkkvVCLCmnAlaNcxw2ogVxVHAaT3oX4z9+h1VmklxY4YxbUW4K1jICDZWuvVlRxrk01gzLkU7X3CL7gRokXgzUjj/evj+zFwNKu38u9+RJImoMIRjrZueG5tWipVhhNNRzk80jTHp4y5tWipwRHUrnVw9QkdW6aBQKlvCoIn6eyLFkdbDKLCdETY9Pe+Nxf+8ZmLCs1bKRJwYKsh0UZhwZCQaR4A6TFFi+NASTBSztyLSwwoTY4PK2RC8+ZcXSa1U9E6KpWuvUHZhiiwcwCEcgwenUIZLqEAVCCi4hyd4dgbOo/PivE5bl5zZzD78gfP2A6WglwA=</latexit>

�✏
<latexit sha1_base64="PhvO+g0tlgj5WrxNF79PZnkzFpc=">AAAB9XicbVC7SgNBFL3rKzG+opY2g0GwCrux0M6AjVhFMA/IxjA7mU2GzM4sM7OGsOQ/LLRQxNZ/sfMb7G118ig08cCFwzn3cu89QcyZNq774Swtr6yuZbLruY3Nre2d/O5eTctEEVolkkvVCLCmnAlaNcxw2ogVxVHAaT3oX4z9+h1VmklxY4YxbUW4K1jICDZWuvVlRxrk01gzLkU7X3CL7gRokXgzUjj/evj+zFwNKu38u9+RJImoMIRjrZueG5tWipVhhNNRzk80jTHp4y5tWipwRHUrnVw9QkdW6aBQKlvCoIn6eyLFkdbDKLCdETY9Pe+Nxf+8ZmLCs1bKRJwYKsh0UZhwZCQaR4A6TFFi+NASTBSztyLSwwoTY4PK2RC8+ZcXSa1U9E6KpWuvUHZhiiwcwCEcgwenUIZLqEAVCCi4hyd4dgbOo/PivE5bl5zZzD78gfP2A6WglwA=</latexit>

µz
<latexit sha1_base64="DvFKsA9yP+uKoAD7egJPk/Ljeyk=">AAAB7HicbZA7SwNBFIXvxlcSX1FLm8EgWEjYjYWWARvLCG4SSJYwOztJhszMLjOzQlzS2FjaWChia+efsfPX6ORRaOKBgY9z7mXuvWHCmTau++XkVlbX1jfyheLm1vbObmlvv6HjVBHqk5jHqhViTTmT1DfMcNpKFMUi5LQZDi8nefOWKs1ieWNGCQ0E7kvWYwQba/kdkXbvuqWyW3GnQsvgzaFcKzxEH9/3p/Vu6bMTxSQVVBrCsdZtz01MkGFlGOF0XOykmiaYDHGfti1KLKgOsumwY3RsnQj1YmWfNGjq/u7IsNB6JEJbKbAZ6MVsYv6XtVPTuwgyJpPUUElmH/VSjkyMJpujiClKDB9ZwEQxOysiA6wwMfY+RXsEb3HlZWhUK95ZpXrtlWsuzJSHQziCE/DgHGpwBXXwgQCDR3iGF0c6T86r8zYrzTnzngP4I+f9B7UTkkA=</latexit>

µz
<latexit sha1_base64="DvFKsA9yP+uKoAD7egJPk/Ljeyk=">AAAB7HicbZA7SwNBFIXvxlcSX1FLm8EgWEjYjYWWARvLCG4SSJYwOztJhszMLjOzQlzS2FjaWChia+efsfPX6ORRaOKBgY9z7mXuvWHCmTau++XkVlbX1jfyheLm1vbObmlvv6HjVBHqk5jHqhViTTmT1DfMcNpKFMUi5LQZDi8nefOWKs1ieWNGCQ0E7kvWYwQba/kdkXbvuqWyW3GnQsvgzaFcKzxEH9/3p/Vu6bMTxSQVVBrCsdZtz01MkGFlGOF0XOykmiaYDHGfti1KLKgOsumwY3RsnQj1YmWfNGjq/u7IsNB6JEJbKbAZ6MVsYv6XtVPTuwgyJpPUUElmH/VSjkyMJpujiClKDB9ZwEQxOysiA6wwMfY+RXsEb3HlZWhUK95ZpXrtlWsuzJSHQziCE/DgHGpwBXXwgQCDR3iGF0c6T86r8zYrzTnzngP4I+f9B7UTkkA=</latexit>

�z
<latexit sha1_base64="KhAq2Yew+X9FgV7/bFwQBZ0TjHA=">AAAB73icbZC7SgNBFIbPGi8x3qJiZbMYBKuwGwstAzaWEcwFkiXMTk6SITOz68ysEJe8hI2FIrY+hq9gIVj5KDq5FJr4w8DH/5/DnHPCmDNtPO/TWcosr6yuZddzG5tb2zv53b2ajhJFsUojHqlGSDRyJrFqmOHYiBUSEXKsh4OLcV6/RaVZJK/NMMZAkJ5kXUaJsVajpVlPkPZdO1/wit5E7iL4MyiUMx/fbwdfWGnn31udiCYCpaGcaN30vdgEKVGGUY6jXCvRGBM6ID1sWpREoA7Sybwj99g6HbcbKfukcSfu746UCK2HIrSVgpi+ns/G5n9ZMzHd8yBlMk4MSjr9qJtw10TueHm3wxRSw4cWCFXMzurSPlGEGnuinD2CP7/yItRKRf+0WLryC2UPpsrCIRzBCfhwBmW4hApUgQKHe3iEJ+fGeXCenZdp6ZIz69mHP3JefwDTmZQx</latexit>

�z
<latexit sha1_base64="KhAq2Yew+X9FgV7/bFwQBZ0TjHA=">AAAB73icbZC7SgNBFIbPGi8x3qJiZbMYBKuwGwstAzaWEcwFkiXMTk6SITOz68ysEJe8hI2FIrY+hq9gIVj5KDq5FJr4w8DH/5/DnHPCmDNtPO/TWcosr6yuZddzG5tb2zv53b2ajhJFsUojHqlGSDRyJrFqmOHYiBUSEXKsh4OLcV6/RaVZJK/NMMZAkJ5kXUaJsVajpVlPkPZdO1/wit5E7iL4MyiUMx/fbwdfWGnn31udiCYCpaGcaN30vdgEKVGGUY6jXCvRGBM6ID1sWpREoA7Sybwj99g6HbcbKfukcSfu746UCK2HIrSVgpi+ns/G5n9ZMzHd8yBlMk4MSjr9qJtw10TueHm3wxRSw4cWCFXMzurSPlGEGnuinD2CP7/yItRKRf+0WLryC2UPpsrCIRzBCfhwBmW4hApUgQKHe3iEJ+fGeXCenZdp6ZIz69mHP3JefwDTmZQx</latexit>

+
u

(0)
2

<latexit sha1_base64="wIpeBOljjmyo1gOZ0jC/iOIt8ZA=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4TXvV66RsHaU9s2RVrAx4kdgzUqoV3K+H7+FJvWd+dPshjX0WABVEqY5tReAkRAKngqX5bqxYROiIDFhH04D4TDlJdkSKD7XSx14odQWAM/X3RkJ8pca+qyd9AkM1703E/7xODN6Zk/AgioEFdPqQFwsMIZ4kgvtcMgpirAmhkuu/YjokklDQueV1CPb8yYukWa3Yx5XqpV2qWWiKHCqiA1RGNjpFNXSB6qiBKLpDj+gZvRj3xpPxarxNR5eM2c4++gPj/Qcw6ZwS</latexit>

u
(0)
2

<latexit sha1_base64="wIpeBOljjmyo1gOZ0jC/iOIt8ZA=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4TXvV66RsHaU9s2RVrAx4kdgzUqoV3K+H7+FJvWd+dPshjX0WABVEqY5tReAkRAKngqX5bqxYROiIDFhH04D4TDlJdkSKD7XSx14odQWAM/X3RkJ8pca+qyd9AkM1703E/7xODN6Zk/AgioEFdPqQFwsMIZ4kgvtcMgpirAmhkuu/YjokklDQueV1CPb8yYukWa3Yx5XqpV2qWWiKHCqiA1RGNjpFNXSB6qiBKLpDj+gZvRj3xpPxarxNR5eM2c4++gPj/Qcw6ZwS</latexit>

�✏
<latexit sha1_base64="PhvO+g0tlgj5WrxNF79PZnkzFpc=">AAAB9XicbVC7SgNBFL3rKzG+opY2g0GwCrux0M6AjVhFMA/IxjA7mU2GzM4sM7OGsOQ/LLRQxNZ/sfMb7G118ig08cCFwzn3cu89QcyZNq774Swtr6yuZbLruY3Nre2d/O5eTctEEVolkkvVCLCmnAlaNcxw2ogVxVHAaT3oX4z9+h1VmklxY4YxbUW4K1jICDZWuvVlRxrk01gzLkU7X3CL7gRokXgzUjj/evj+zFwNKu38u9+RJImoMIRjrZueG5tWipVhhNNRzk80jTHp4y5tWipwRHUrnVw9QkdW6aBQKlvCoIn6eyLFkdbDKLCdETY9Pe+Nxf+8ZmLCs1bKRJwYKsh0UZhwZCQaR4A6TFFi+NASTBSztyLSwwoTY4PK2RC8+ZcXSa1U9E6KpWuvUHZhiiwcwCEcgwenUIZLqEAVCCi4hyd4dgbOo/PivE5bl5zZzD78gfP2A6WglwA=</latexit>

�✏
<latexit sha1_base64="PhvO+g0tlgj5WrxNF79PZnkzFpc=">AAAB9XicbVC7SgNBFL3rKzG+opY2g0GwCrux0M6AjVhFMA/IxjA7mU2GzM4sM7OGsOQ/LLRQxNZ/sfMb7G118ig08cCFwzn3cu89QcyZNq774Swtr6yuZbLruY3Nre2d/O5eTctEEVolkkvVCLCmnAlaNcxw2ogVxVHAaT3oX4z9+h1VmklxY4YxbUW4K1jICDZWuvVlRxrk01gzLkU7X3CL7gRokXgzUjj/evj+zFwNKu38u9+RJImoMIRjrZueG5tWipVhhNNRzk80jTHp4y5tWipwRHUrnVw9QkdW6aBQKlvCoIn6eyLFkdbDKLCdETY9Pe+Nxf+8ZmLCs1bKRJwYKsh0UZhwZCQaR4A6TFFi+NASTBSztyLSwwoTY4PK2RC8+ZcXSa1U9E6KpWuvUHZhiiwcwCEcgwenUIZLqEAVCCi4hyd4dgbOo/PivE5bl5zZzD78gfP2A6WglwA=</latexit>

µ2
<latexit sha1_base64="VPy9W4VDoCTVLO9QcyhH1L4h5/8=">AAAB7HicbZA7SwNBFIXv+kziK2ppMxgECwm7sdAyYGMZwU0CyRJmZ2eTITOzy8ysEJY0NpY2ForY2vln7Pw1OnkUmnhg4OOce5l7b5hypo3rfjkrq2vrG5uFYmlre2d3r7x/0NRJpgj1ScIT1Q6xppxJ6htmOG2nimIRctoKh1eTvHVHlWaJvDWjlAYC9yWLGcHGWn5XZL1ar1xxq+5UaBm8OVTqxYfo4/v+rNErf3ajhGSCSkM41rrjuakJcqwMI5yOS91M0xSTIe7TjkWJBdVBPh12jE6sE6E4UfZJg6bu744cC61HIrSVApuBXswm5n9ZJzPxZZAzmWaGSjL7KM44MgmabI4ipigxfGQBE8XsrIgMsMLE2PuU7BG8xZWXoVmreufV2o1XqbswUwGO4BhOwYMLqMM1NMAHAgwe4RleHOk8Oa/O26x0xZn3HMIfOe8/R/OR+A==</latexit>

µ2
<latexit sha1_base64="VPy9W4VDoCTVLO9QcyhH1L4h5/8=">AAAB7HicbZA7SwNBFIXv+kziK2ppMxgECwm7sdAyYGMZwU0CyRJmZ2eTITOzy8ysEJY0NpY2ForY2vln7Pw1OnkUmnhg4OOce5l7b5hypo3rfjkrq2vrG5uFYmlre2d3r7x/0NRJpgj1ScIT1Q6xppxJ6htmOG2nimIRctoKh1eTvHVHlWaJvDWjlAYC9yWLGcHGWn5XZL1ar1xxq+5UaBm8OVTqxYfo4/v+rNErf3ajhGSCSkM41rrjuakJcqwMI5yOS91M0xSTIe7TjkWJBdVBPh12jE6sE6E4UfZJg6bu744cC61HIrSVApuBXswm5n9ZJzPxZZAzmWaGSjL7KM44MgmabI4ipigxfGQBE8XsrIgMsMLE2PuU7BG8xZWXoVmreufV2o1XqbswUwGO4BhOwYMLqMM1NMAHAgwe4RleHOk8Oa/O26x0xZn3HMIfOe8/R/OR+A==</latexit>

�2
<latexit sha1_base64="TdwysgObeO9xkZFJyk59JJDlGfk=">AAAB73icbZC7SgNBFIbPJl5ivEXFymYxCFZhNxZaBmwsI5gLJEuYnZwkQ2Zm15lZISx5CRsLRWx9DF/BQrDyUXRyKTTxh4GP/z+HOeeEMWfaeN6nk8murK6t5zbym1vbO7uFvf26jhJFsUYjHqlmSDRyJrFmmOHYjBUSEXJshMPLSd64Q6VZJG/MKMZAkL5kPUaJsVazrVlfkE65Uyh6JW8qdxn8ORQr2Y/vt8MvrHYK7+1uRBOB0lBOtG75XmyClCjDKMdxvp1ojAkdkj62LEoiUAfpdN6xe2KdrtuLlH3SuFP3d0dKhNYjEdpKQcxAL2YT87+slZjeRZAyGScGJZ191Eu4ayJ3srzbZQqp4SMLhCpmZ3XpgChCjT1R3h7BX1x5Gerlkn9WKl/7xYoHM+XgCI7hFHw4hwpcQRVqQIHDPTzCk3PrPDjPzsusNOPMew7gj5zXH2Z5k+k=</latexit>

�2
<latexit sha1_base64="TdwysgObeO9xkZFJyk59JJDlGfk=">AAAB73icbZC7SgNBFIbPJl5ivEXFymYxCFZhNxZaBmwsI5gLJEuYnZwkQ2Zm15lZISx5CRsLRWx9DF/BQrDyUXRyKTTxh4GP/z+HOeeEMWfaeN6nk8murK6t5zbym1vbO7uFvf26jhJFsUYjHqlmSDRyJrFmmOHYjBUSEXJshMPLSd64Q6VZJG/MKMZAkL5kPUaJsVazrVlfkE65Uyh6JW8qdxn8ORQr2Y/vt8MvrHYK7+1uRBOB0lBOtG75XmyClCjDKMdxvp1ojAkdkj62LEoiUAfpdN6xe2KdrtuLlH3SuFP3d0dKhNYjEdpKQcxAL2YT87+slZjeRZAyGScGJZ191Eu4ayJ3srzbZQqp4SMLhCpmZ3XpgChCjT1R3h7BX1x5Gerlkn9WKl/7xYoHM+XgCI7hFHw4hwpcQRVqQIHDPTzCk3PrPDjPzsusNOPMew7gj5zXH2Z5k+k=</latexit>

+h2
<latexit sha1_base64="vqKLRHTUVSt9m35RskQK+jXaWRA=">AAAB/nicbVC7SgNBFJ1NfMT4WpVUNotBsAq7sdAyYGMZwTwgCcvs5G4yZPbBzF0xLAv+io2FIra2/oKFYOWn6ORRaOKByz2ccy9z53ix4Apt+9PI5VdW19YLG8XNre2dXXNvv6miRDJosEhEsu1RBYKH0ECOAtqxBBp4Alre6GLit25AKh6F1ziOoRfQQch9zihqyTVLXYRb9Px02jmmwyxzq65Ztiv2FNYyceakXMt/fL+VvqDumu/dfsSSAEJkgirVcewYeymVyJmArNhNFMSUjegAOpqGNADVS6fnZ9axVvqWH0ldIVpT9fdGSgOlxoGnJwOKQ7XoTcT/vE6C/nkv5WGcIIRs9pCfCAsja5KF1ecSGIqxJpRJrm+12JBKylAnVtQhOItfXibNasU5rVSvnHLNJjMUyCE5IifEIWekRi5JnTQIIym5J4/kybgzHoxn42U2mjPmOwfkD4zXH+Cnmm4=</latexit>

h2
<latexit sha1_base64="vqKLRHTUVSt9m35RskQK+jXaWRA=">AAAB/nicbVC7SgNBFJ1NfMT4WpVUNotBsAq7sdAyYGMZwTwgCcvs5G4yZPbBzF0xLAv+io2FIra2/oKFYOWn6ORRaOKByz2ccy9z53ix4Apt+9PI5VdW19YLG8XNre2dXXNvv6miRDJosEhEsu1RBYKH0ECOAtqxBBp4Alre6GLit25AKh6F1ziOoRfQQch9zihqyTVLXYRb9Px02jmmwyxzq65Ztiv2FNYyceakXMt/fL+VvqDumu/dfsSSAEJkgirVcewYeymVyJmArNhNFMSUjegAOpqGNADVS6fnZ9axVvqWH0ldIVpT9fdGSgOlxoGnJwOKQ7XoTcT/vE6C/nkv5WGcIIRs9pCfCAsja5KF1ecSGIqxJpRJrm+12JBKylAnVtQhOItfXibNasU5rVSvnHLNJjMUyCE5IifEIWekRi5JnTQIIym5J4/kybgzHoxn42U2mjPmOwfkD4zXH+Cnmm4=</latexit>

z (1)
<latexit sha1_base64="uSqYlzXJimSgbL7ZU3RqpqFlQYU=">AAACAnicbVC7SgNBFJ2Nrxhf66MRm8UgxCbsxkI7AxZaRjAPSNYwO5lNhsw+mLkrJsti46/YWERES7/CztI/cbJJoYkHLvdwzr3M3OOEnEkwzS8ts7C4tLySXc2trW9sbunbOzUZRILQKgl4IBoOlpQzn1aBAaeNUFDsOZzWnf7F2K/fUSFZ4N/AIKS2h7s+cxnBoKS2vt8Ceg+OG6edQTxMktu4YB0nbT1vFs0UxjyxpiR//j78vhztxZW2/tnqBCTyqA+EYymblhmCHWMBjHCa5FqRpCEmfdylTUV97FFpx+kJiXGklI7hBkKVD0aq/t6IsSflwHPUpIehJ2e9sfif14zAPbNj5ocRUJ9MHnIjbkBgjPMwOkxQAnygCCaCqb8apIcFJqBSy6kQrNmT50mtVLROiqVrK1820QRZdIAOUQFZ6BSV0RWqoCoi6AE9oRF60R61Z+1Ve5uMZrTpzi76A+3jBydWm48=</latexit>

z (1)
<latexit sha1_base64="uSqYlzXJimSgbL7ZU3RqpqFlQYU=">AAACAnicbVC7SgNBFJ2Nrxhf66MRm8UgxCbsxkI7AxZaRjAPSNYwO5lNhsw+mLkrJsti46/YWERES7/CztI/cbJJoYkHLvdwzr3M3OOEnEkwzS8ts7C4tLySXc2trW9sbunbOzUZRILQKgl4IBoOlpQzn1aBAaeNUFDsOZzWnf7F2K/fUSFZ4N/AIKS2h7s+cxnBoKS2vt8Ceg+OG6edQTxMktu4YB0nbT1vFs0UxjyxpiR//j78vhztxZW2/tnqBCTyqA+EYymblhmCHWMBjHCa5FqRpCEmfdylTUV97FFpx+kJiXGklI7hBkKVD0aq/t6IsSflwHPUpIehJ2e9sfif14zAPbNj5ocRUJ9MHnIjbkBgjPMwOkxQAnygCCaCqb8apIcFJqBSy6kQrNmT50mtVLROiqVrK1820QRZdIAOUQFZ6BSV0RWqoCoi6AE9oRF60R61Z+1Ve5uMZrTpzi76A+3jBydWm48=</latexit>

�z (0)
<latexit sha1_base64="aBcjebP1E7xUbnFKjTLjCQ2Ug5w=">AAACCHicbVC7TsMwFHV4tZRXgZEBiwoJliopA2xUYkFMRaIPqSmV4zhg4cSRfQOUKCML38AfsDCAECufwMY3sLOC+xh4HenqHp1zr+x7vFhwDbb9Zo2NT0xO5fLThZnZufmF4uJSQ8tEUVanUkjV8ohmgkesDhwEa8WKkdATrOmd7fX95jlTmsvoCHox64TkJOIBpwSM1C2uutKXgF1gl+AF6aBzSK+y7DjdsDezbrFkl+0B8F/ijEhp9+P28z13cFHrFl9dX9IkZBFQQbRuO3YMnZQo4FSwrOAmmsWEnpET1jY0IiHTnXRwSIbXjeLjQCpTEeCB+n0jJaHWvdAzkyGBU/3b64v/ee0Egp1OyqM4ARbR4UNBIjBI3E8F+1wxCqJnCKGKm79iekoUoWCyK5gQnN8n/yWNStnZKlcOnVLVRkPk0QpaQxvIQduoivZRDdURRdfoDj2gR+vGureerOfh6Jg12llGP2C9fAGFYp6t</latexit>

�z (0)
<latexit sha1_base64="aBcjebP1E7xUbnFKjTLjCQ2Ug5w=">AAACCHicbVC7TsMwFHV4tZRXgZEBiwoJliopA2xUYkFMRaIPqSmV4zhg4cSRfQOUKCML38AfsDCAECufwMY3sLOC+xh4HenqHp1zr+x7vFhwDbb9Zo2NT0xO5fLThZnZufmF4uJSQ8tEUVanUkjV8ohmgkesDhwEa8WKkdATrOmd7fX95jlTmsvoCHox64TkJOIBpwSM1C2uutKXgF1gl+AF6aBzSK+y7DjdsDezbrFkl+0B8F/ijEhp9+P28z13cFHrFl9dX9IkZBFQQbRuO3YMnZQo4FSwrOAmmsWEnpET1jY0IiHTnXRwSIbXjeLjQCpTEeCB+n0jJaHWvdAzkyGBU/3b64v/ee0Egp1OyqM4ARbR4UNBIjBI3E8F+1wxCqJnCKGKm79iekoUoWCyK5gQnN8n/yWNStnZKlcOnVLVRkPk0QpaQxvIQduoivZRDdURRdfoDj2gR+vGureerOfh6Jg12llGP2C9fAGFYp6t</latexit>

m (1)
z

<latexit sha1_base64="3DjLx1lQ2e/dAuK4T8XpLVJ6boY=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKVoWmhsn0ph2cTMLMjVhDvsSNv+LGhSKCK/0bp7GCrwPDHM45l5l7gkRwjY7zbk1MTk3PzJbmyvMLi0vLlZXVUx2nikGbxSJW5wHVILiENnIUcJ4ooFEg4Cy4PBz5Z1egNI/lCQ4T6Ea0L3nIGUUj+ZU9L4A+lxkVvC+3cw/hGoMwK26OWZTn/s1FVnO3cg9k7yvmV6pO3Slg/yXumFTJGC2/8ur1YpZGIJEJqnXHdRLsZlQhZwLyspdqSCi7pH3oGCppBLqbFevl9qZRenYYK3Mk2oX6fSKjkdbDKDDJiOJA//ZG4n9eJ8XwoJtxmaQIkn0+FKbCxtgedWX3uAKGYmgIZYqbv9psQBVlaBotmxLc3yv/JaeNurtTbxzvVpvOuI4SWScbpEZcsk+a5Ii0SJswckvuySN5su6sB+vZevmMTljjmTXyA9bbB5z0o/I=</latexit>

m (1)
z

<latexit sha1_base64="3DjLx1lQ2e/dAuK4T8XpLVJ6boY=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKVoWmhsn0ph2cTMLMjVhDvsSNv+LGhSKCK/0bp7GCrwPDHM45l5l7gkRwjY7zbk1MTk3PzJbmyvMLi0vLlZXVUx2nikGbxSJW5wHVILiENnIUcJ4ooFEg4Cy4PBz5Z1egNI/lCQ4T6Ea0L3nIGUUj+ZU9L4A+lxkVvC+3cw/hGoMwK26OWZTn/s1FVnO3cg9k7yvmV6pO3Slg/yXumFTJGC2/8ur1YpZGIJEJqnXHdRLsZlQhZwLyspdqSCi7pH3oGCppBLqbFevl9qZRenYYK3Mk2oX6fSKjkdbDKDDJiOJA//ZG4n9eJ8XwoJtxmaQIkn0+FKbCxtgedWX3uAKGYmgIZYqbv9psQBVlaBotmxLc3yv/JaeNurtTbxzvVpvOuI4SWScbpEZcsk+a5Ii0SJswckvuySN5su6sB+vZevmMTljjmTXyA9bbB5z0o/I=</latexit>

s(1)
z

<latexit sha1_base64="BzVJWnwE/hDP/9noz/fZgvEcD+A=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKVoWmhsn0ph2cTMLMjVhDvsSNv+LGhSKCK/0bp7GCrwPDHM45l5l7gkRwjY7zbk1MTk3PzJbmyvMLi0vLlZXVUx2nikGbxSJW5wHVILiENnIUcJ4ooFEg4Cy4PBz5Z1egNI/lCQ4T6Ea0L3nIGUUj+ZU9L4A+lxkVvC+3cw/hGoMwK26Omc7zi6zmbuX+jQey9xXzK1Wn7hSw/xJ3TKpkjJZfefV6MUsjkMgE1brjOgl2M6qQMwF52Us1JJRd0j50DJU0At3NivVye9MoPTuMlTkS7UL9PpHRSOthFJhkRHGgf3sj8T+vk2J40M24TFIEyT4fClNhY2yPurJ7XAFDMTSEMsXNX202oIoyNI2WTQnu75X/ktNG3d2pN453q01nXEeJrJMNUiMu2SdNckRapE0YuSX35JE8WXfWg/VsvXxGJ6zxzBr5AevtA6Uqo/g=</latexit>

s(1)
z

<latexit sha1_base64="BzVJWnwE/hDP/9noz/fZgvEcD+A=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKVoWmhsn0ph2cTMLMjVhDvsSNv+LGhSKCK/0bp7GCrwPDHM45l5l7gkRwjY7zbk1MTk3PzJbmyvMLi0vLlZXVUx2nikGbxSJW5wHVILiENnIUcJ4ooFEg4Cy4PBz5Z1egNI/lCQ4T6Ea0L3nIGUUj+ZU9L4A+lxkVvC+3cw/hGoMwK26Omc7zi6zmbuX+jQey9xXzK1Wn7hSw/xJ3TKpkjJZfefV6MUsjkMgE1brjOgl2M6qQMwF52Us1JJRd0j50DJU0At3NivVye9MoPTuMlTkS7UL9PpHRSOthFJhkRHGgf3sj8T+vk2J40M24TFIEyT4fClNhY2yPurJ7XAFDMTSEMsXNX202oIoyNI2WTQnu75X/ktNG3d2pN453q01nXEeJrJMNUiMu2SdNckRapE0YuSX35JE8WXfWg/VsvXxGJ6zxzBr5AevtA6Uqo/g=</latexit>

+
AutoRegressiveNN

u
(1)
2

<latexit sha1_base64="v5nZgcNDcbbWYitBh/HZ4aIfeoo=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4Ta+Tsn2U9qo9s2RVrAx4kdgzUqoV3K+H7+FJvWd+dPshjX0WABVEqY5tReAkRAKngqX5bqxYROiIDFhH04D4TDlJdkSKD7XSx14odQWAM/X3RkJ8pca+qyd9AkM1703E/7xODN6Zk/AgioEFdPqQFwsMIZ4kgvtcMgpirAmhkuu/YjokklDQueV1CPb8yYukWa3Yx5XqpV2qWWiKHCqiA1RGNjpFNXSB6qiBKLpDj+gZvRj3xpPxarxNR5eM2c4++gPj/QcyuZwT</latexit>

u
(1)
2

<latexit sha1_base64="v5nZgcNDcbbWYitBh/HZ4aIfeoo=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4Ta+Tsn2U9qo9s2RVrAx4kdgzUqoV3K+H7+FJvWd+dPshjX0WABVEqY5tReAkRAKngqX5bqxYROiIDFhH04D4TDlJdkSKD7XSx14odQWAM/X3RkJ8pca+qyd9AkM1703E/7xODN6Zk/AgioEFdPqQFwsMIZ4kgvtcMgpirAmhkuu/YjokklDQueV1CPb8yYukWa3Yx5XqpV2qWWiKHCqiA1RGNjpFNXSB6qiBKLpDj+gZvRj3xpPxarxNR5eM2c4++gPj/QcyuZwT</latexit>

�u
(0)
2

<latexit sha1_base64="c7iOU4Zujv4QW9FoN9ph3PkVTcY=">AAACCnicbVC7TsMwFHV4lvJKYWQxVEhlqZKCBGMlFsYi0YfUlspxndaqE0f2DaKKMrPwD3wBCwMIsfIFbGyMfAbuY4CWI13do3PulX2PFwmuwXE+rYXFpeWV1cxadn1jc2vbzu3UtIwVZVUqhVQNj2gmeMiqwEGwRqQYCTzB6t7gfOTXb5jSXIZXMIxYOyC9kPucEjBSx95vya4E3AJ2C56fjDuHJE7T66TgHKWdUsfOO0VnDDxP3CnJl3Pe18N3/6TSsT9aXUnjgIVABdG66ToRtBOigFPB0mwr1iwidEB6rGloSAKm28n4lBQfGqWLfalMhYDH6u+NhARaDwPPTAYE+nrWG4n/ec0Y/LN2wsMoBhbSyUN+LDBIPMoFd7liFMTQEEIVN3/FtE8UoWDSy5oQ3NmT50mtVHSPi6VLN1920AQZtIcOUAG56BSV0QWqoCqi6A49omf0Yt1bT9ar9TYZXbCmO7voD6z3H6XpnoA=</latexit>

�u
(0)
2

<latexit sha1_base64="c7iOU4Zujv4QW9FoN9ph3PkVTcY=">AAACCnicbVC7TsMwFHV4lvJKYWQxVEhlqZKCBGMlFsYi0YfUlspxndaqE0f2DaKKMrPwD3wBCwMIsfIFbGyMfAbuY4CWI13do3PulX2PFwmuwXE+rYXFpeWV1cxadn1jc2vbzu3UtIwVZVUqhVQNj2gmeMiqwEGwRqQYCTzB6t7gfOTXb5jSXIZXMIxYOyC9kPucEjBSx95vya4E3AJ2C56fjDuHJE7T66TgHKWdUsfOO0VnDDxP3CnJl3Pe18N3/6TSsT9aXUnjgIVABdG66ToRtBOigFPB0mwr1iwidEB6rGloSAKm28n4lBQfGqWLfalMhYDH6u+NhARaDwPPTAYE+nrWG4n/ec0Y/LN2wsMoBhbSyUN+LDBIPMoFd7liFMTQEEIVN3/FtE8UoWDSy5oQ3NmT50mtVHSPi6VLN1920AQZtIcOUAG56BSV0QWqoCqi6A49omf0Yt1bT9ar9TYZXbCmO7voD6z3H6XpnoA=</latexit>

m
(1)
2

<latexit sha1_base64="XiiYbevNKAJneyUqav8qAiV61zk=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBI/Ta+Tsn2U9qo9s2RVrAx4kdgzUqoV3K+H7+FJvWd+dPshjX0WABVEqY5tReAkRAKngqX5bqxYROiIDFhH04D4TDlJdkSKD7XSx14odQWAM/X3RkJ8pca+qyd9AkM1703E/7xODN6Zk/AgioEFdPqQFwsMIZ4kgvtcMgpirAmhkuu/YjokklDQueV1CPb8yYukWa3Yx5XqpV2qWWiKHCqiA1RGNjpFNXSB6qiBKLpDj+gZvRj3xpPxarxNR5eM2c4++gPj/QcmSZwL</latexit>

m
(1)
2

<latexit sha1_base64="XiiYbevNKAJneyUqav8qAiV61zk=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBI/Ta+Tsn2U9qo9s2RVrAx4kdgzUqoV3K+H7+FJvWd+dPshjX0WABVEqY5tReAkRAKngqX5bqxYROiIDFhH04D4TDlJdkSKD7XSx14odQWAM/X3RkJ8pca+qyd9AkM1703E/7xODN6Zk/AgioEFdPqQFwsMIZ4kgvtcMgpirAmhkuu/YjokklDQueV1CPb8yYukWa3Yx5XqpV2qWWiKHCqiA1RGNjpFNXSB6qiBKLpDj+gZvRj3xpPxarxNR5eM2c4++gPj/QcmSZwL</latexit>

s
(1)
2

<latexit sha1_base64="bCYSin5k016xjJ+HTOz6sBj+t78=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBKVptdJ2T5Ke9WeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMvnZwR</latexit>

s
(1)
2

<latexit sha1_base64="bCYSin5k016xjJ+HTOz6sBj+t78=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBKVptdJ2T5Ke9WeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMvnZwR</latexit>

+

AutoRegressiveNN

u
(1)
1

<latexit sha1_base64="zzRW2sbDPG1a5N4Mcu+9OKEN9Yw=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4Ta+Tsn2U9uyeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMxNZwS</latexit>

u
(1)
1

<latexit sha1_base64="zzRW2sbDPG1a5N4Mcu+9OKEN9Yw=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHJI4Ta+Tsn2U9uyeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMxNZwS</latexit>

�u
(0)
1

<latexit sha1_base64="JSsatjfIQRfXqPOoLPX+YOi42/k=">AAACCnicbVC7TsMwFHV4lvJKYWQxVEhlqZKCBGMlFsYi0YfUlspxndaqE0f2DaKKMrPwD3wBCwMIsfIFbGyMfAbuY4CWI13do3PulX2PFwmuwXE+rYXFpeWV1cxadn1jc2vbzu3UtIwVZVUqhVQNj2gmeMiqwEGwRqQYCTzB6t7gfOTXb5jSXIZXMIxYOyC9kPucEjBSx95vya4E3AJ2C56fjDuHJE7T66TgHKUdt2PnnaIzBp4n7pTkyznv6+G7f1Lp2B+trqRxwEKggmjddJ0I2glRwKlgabYVaxYROiA91jQ0JAHT7WR8SooPjdLFvlSmQsBj9fdGQgKth4FnJgMCfT3rjcT/vGYM/lk74WEUAwvp5CE/FhgkHuWCu1wxCmJoCKGKm79i2ieKUDDpZU0I7uzJ86RWKrrHxdKlmy87aIIM2kMHqIBcdIrK6AJVUBVRdIce0TN6se6tJ+vVepuMLljTnV30B9b7D6Rlnn8=</latexit>

�u
(0)
1

<latexit sha1_base64="JSsatjfIQRfXqPOoLPX+YOi42/k=">AAACCnicbVC7TsMwFHV4lvJKYWQxVEhlqZKCBGMlFsYi0YfUlspxndaqE0f2DaKKMrPwD3wBCwMIsfIFbGyMfAbuY4CWI13do3PulX2PFwmuwXE+rYXFpeWV1cxadn1jc2vbzu3UtIwVZVUqhVQNj2gmeMiqwEGwRqQYCTzB6t7gfOTXb5jSXIZXMIxYOyC9kPucEjBSx95vya4E3AJ2C56fjDuHJE7T66TgHKUdt2PnnaIzBp4n7pTkyznv6+G7f1Lp2B+trqRxwEKggmjddJ0I2glRwKlgabYVaxYROiA91jQ0JAHT7WR8SooPjdLFvlSmQsBj9fdGQgKth4FnJgMCfT3rjcT/vGYM/lk74WEUAwvp5CE/FhgkHuWCu1wxCmJoCKGKm79i2ieKUDDpZU0I7uzJ86RWKrrHxdKlmy87aIIM2kMHqIBcdIrK6AJVUBVRdIce0TN6se6tJ+vVepuMLljTnV30B9b7D6Rlnn8=</latexit>

m
(1)
1

<latexit sha1_base64="OR89O2lbkOOb3ahqlVnsJHJsL+Y=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBI/Ta+Tsn2U9uyeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMkxZwK</latexit>

m
(1)
1

<latexit sha1_base64="OR89O2lbkOOb3ahqlVnsJHJsL+Y=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBI/Ta+Tsn2U9uyeWbIqVga8SOwZKdUK7tfD9/Ck3jM/uv2Qxj4LgAqiVMe2InASIoFTwdJ8N1YsInREBqyjaUB8ppwkOyLFh1rpYy+UugLAmfp7IyG+UmPf1ZM+gaGa9ybif14nBu/MSXgQxcACOn3IiwWGEE8SwX0uGQUx1oRQyfVfMR0SSSjo3PI6BHv+5EXSrFbs40r10i7VLDRFDhXRASojG52iGrpAddRAFN2hR/SMXox748l4Nd6mo0vGbGcf/YHx/gMkxZwK</latexit>

s
(1)
1

<latexit sha1_base64="cKwqDoT1W8bjn3KFNL9idszo/aE=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBKVptdJ2T5Ke3bPLFkVKwNeJPaMlGoF9+vhe3hS75kf3X5IY58FQAVRqmNbETgJkcCpYGm+GysWEToiA9bRNCA+U06SHZHiQ630sRdKXQHgTP29kRBfqbHv6kmfwFDNexPxP68Tg3fmJDyIYmABnT7kxQJDiCeJ4D6XjIIYa0Ko5PqvmA6JJBR0bnkdgj1/8iJpViv2caV6aZdqFpoih4roAJWRjU5RDV2gOmogiu7QI3pGL8a98WS8Gm/T0SVjtrOP/sB4/wEuGZwQ</latexit>

s
(1)
1

<latexit sha1_base64="cKwqDoT1W8bjn3KFNL9idszo/aE=">AAACBHicbVC7SgNBFJ31GeNro2WawSDEJuxGQcuAjWUE84BkDbOT2WTI7IOZu2JYtrDxNyxtLBSx9SPs7Cz9DCebFJp44HIP59zLzD1uJLgCy/o0lpZXVtfWcxv5za3tnV2zsNdUYSwpa9BQhLLtEsUED1gDOAjWjiQjvitYyx2dT/zWDZOKh8EVjCPm+GQQcI9TAlrqmcUusFtwvSTrHBKVptdJ2T5Ke3bPLFkVKwNeJPaMlGoF9+vhe3hS75kf3X5IY58FQAVRqmNbETgJkcCpYGm+GysWEToiA9bRNCA+U06SHZHiQ630sRdKXQHgTP29kRBfqbHv6kmfwFDNexPxP68Tg3fmJDyIYmABnT7kxQJDiCeJ4D6XjIIYa0Ko5PqvmA6JJBR0bnkdgj1/8iJpViv2caV6aZdqFpoih4roAJWRjU5RDV2gOmogiu7QI3pGL8a98WS8Gm/T0SVjtrOP/sB4/wEuGZwQ</latexit>

+
AutoRegressiveNN

u
(T )
2

<latexit sha1_base64="nkcaQdI9rFZxjLGuFzXRJMreFnU=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKrQpNLJPpTTs4mYSZG7GEfIkbf8WNC0UEV/o3TmsEXweGOZxzLjP3BIngGh3n3Zqanpmdmy8tlBeXlldWK2vrZzpOFYMOi0WsLgKqQXAJHeQo4CJRQKNAwHlwdTz2z69BaR7LNo4S8CM6kDzkjKKRepUDL4ABlxkVfCB3cw/hBoMwm9wcszTPL7NaeyfvNTyQ/a9Yr1J16s4E9l/iFqRKCrR6lVevH7M0AolMUK27rpOgn1GFnAnIy16qIaHsig6ga6ikEWg/m6yX29tG6dthrMyRaE/U7xMZjbQeRYFJRhSH+rc3Fv/zuimGR37GZZIiSPb5UJgKG2N73JXd5woYipEhlClu/mqzIVWUoWm0bEpwf6/8l5w16u5evXG6X206RR0lskm2SI245JA0yQlpkQ5h5Jbck0fyZN1ZD9az9fIZnbKKmQ3yA9bbB28ao9U=</latexit>

u
(T )
2

<latexit sha1_base64="nkcaQdI9rFZxjLGuFzXRJMreFnU=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKrQpNLJPpTTs4mYSZG7GEfIkbf8WNC0UEV/o3TmsEXweGOZxzLjP3BIngGh3n3Zqanpmdmy8tlBeXlldWK2vrZzpOFYMOi0WsLgKqQXAJHeQo4CJRQKNAwHlwdTz2z69BaR7LNo4S8CM6kDzkjKKRepUDL4ABlxkVfCB3cw/hBoMwm9wcszTPL7NaeyfvNTyQ/a9Yr1J16s4E9l/iFqRKCrR6lVevH7M0AolMUK27rpOgn1GFnAnIy16qIaHsig6ga6ikEWg/m6yX29tG6dthrMyRaE/U7xMZjbQeRYFJRhSH+rc3Fv/zuimGR37GZZIiSPb5UJgKG2N73JXd5woYipEhlClu/mqzIVWUoWm0bEpwf6/8l5w16u5evXG6X206RR0lskm2SI245JA0yQlpkQ5h5Jbck0fyZN1ZD9az9fIZnbKKmQ3yA9bbB28ao9U=</latexit>

�u
(T�1)
2

<latexit sha1_base64="+OiNKU719TyiPa9zYJkyv49KuBc=">AAACDHicbVDLSgMxFM3UV62vVpdugkWoC8tMFXRZcOOyQl/Q1pJJM21oZjIkd8QyzAe48Rf8BDcuFHHrB7hz59LPMH0stPVAyOGcc0nucUPBNdj2p5VaWl5ZXUuvZzY2t7Z3srndupaRoqxGpZCq6RLNBA9YDTgI1gwVI74rWMMdXoz9xg1TmsugCqOQdXzSD7jHKQEjdbP5tuxJwG1gt+B68eTmEEdJch0XqsfOUdItmZRdtCfAi8SZkXw55349fA9OK93sR7snaeSzAKggWrccO4ROTBRwKliSaUeahYQOSZ+1DA2Iz3QnniyT4EOj9LAnlTkB4In6eyImvtYj3zVJn8BAz3tj8T+vFYF33ol5EEbAAjp9yIsEBonHzeAeV4yCGBlCqOLmr5gOiCIUTH8ZU4Izv/IiqZeKzkmxdOXkyzaaIo320QEqIAedoTK6RBVUQxTdoUf0jF6se+vJerXeptGUNZvZQ39gvf8Az2OfFg==</latexit>

�u
(T�1)
2

<latexit sha1_base64="+OiNKU719TyiPa9zYJkyv49KuBc=">AAACDHicbVDLSgMxFM3UV62vVpdugkWoC8tMFXRZcOOyQl/Q1pJJM21oZjIkd8QyzAe48Rf8BDcuFHHrB7hz59LPMH0stPVAyOGcc0nucUPBNdj2p5VaWl5ZXUuvZzY2t7Z3srndupaRoqxGpZCq6RLNBA9YDTgI1gwVI74rWMMdXoz9xg1TmsugCqOQdXzSD7jHKQEjdbP5tuxJwG1gt+B68eTmEEdJch0XqsfOUdItmZRdtCfAi8SZkXw55349fA9OK93sR7snaeSzAKggWrccO4ROTBRwKliSaUeahYQOSZ+1DA2Iz3QnniyT4EOj9LAnlTkB4In6eyImvtYj3zVJn8BAz3tj8T+vFYF33ol5EEbAAjp9yIsEBonHzeAeV4yCGBlCqOLmr5gOiCIUTH8ZU4Izv/IiqZeKzkmxdOXkyzaaIo320QEqIAedoTK6RBVUQxTdoUf0jF6se+vJerXeptGUNZvZQ39gvf8Az2OfFg==</latexit>

m
(T )
2

<latexit sha1_base64="k9sJAjc9BHDZYMrtXl7ygGq3UA8=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKrQpNLJPpTTs4mYSZG7GEfIkbf8WNC0UEV/o3TmsEXweGOZxzLjP3BIngGh3n3Zqanpmdmy8tlBeXlldWK2vrZzpOFYMOi0WsLgKqQXAJHeQo4CJRQKNAwHlwdTz2z69BaR7LNo4S8CM6kDzkjKKRepUDL4ABlxkVfCB3cw/hBoMwm9wcsyjPL7NaeyfvNTyQ/a9Yr1J16s4E9l/iFqRKCrR6lVevH7M0AolMUK27rpOgn1GFnAnIy16qIaHsig6ga6ikEWg/m6yX29tG6dthrMyRaE/U7xMZjbQeRYFJRhSH+rc3Fv/zuimGR37GZZIiSPb5UJgKG2N73JXd5woYipEhlClu/mqzIVWUoWm0bEpwf6/8l5w16u5evXG6X206RR0lskm2SI245JA0yQlpkQ5h5Jbck0fyZN1ZD9az9fIZnbKKmQ3yA9bbB2JKo80=</latexit>

m
(T )
2

<latexit sha1_base64="k9sJAjc9BHDZYMrtXl7ygGq3UA8=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKrQpNLJPpTTs4mYSZG7GEfIkbf8WNC0UEV/o3TmsEXweGOZxzLjP3BIngGh3n3Zqanpmdmy8tlBeXlldWK2vrZzpOFYMOi0WsLgKqQXAJHeQo4CJRQKNAwHlwdTz2z69BaR7LNo4S8CM6kDzkjKKRepUDL4ABlxkVfCB3cw/hBoMwm9wcsyjPL7NaeyfvNTyQ/a9Yr1J16s4E9l/iFqRKCrR6lVevH7M0AolMUK27rpOgn1GFnAnIy16qIaHsig6ga6ikEWg/m6yX29tG6dthrMyRaE/U7xMZjbQeRYFJRhSH+rc3Fv/zuimGR37GZZIiSPb5UJgKG2N73JXd5woYipEhlClu/mqzIVWUoWm0bEpwf6/8l5w16u5evXG6X206RR0lskm2SI245JA0yQlpkQ5h5Jbck0fyZN1ZD9az9fIZnbKKmQ3yA9bbB2JKo80=</latexit>

s
(T )
2

<latexit sha1_base64="4lGO3fUlrPj6zvDtPUwGqdWL3T8=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKrQpNLJPpTTs4mYSZG7GEfIkbf8WNC0UEV/o3TmsEXweGOZxzLjP3BIngGh3n3Zqanpmdmy8tlBeXlldWK2vrZzpOFYMOi0WsLgKqQXAJHeQo4CJRQKNAwHlwdTz2z69BaR7LNo4S8CM6kDzkjKKRepUDL4ABlxkVfCB3cw/hBoMwm9wcM53nl1mtvZP3Gh7I/lesV6k6dWcC+y9xC1IlBVq9yqvXj1kagUQmqNZd10nQz6hCzgTkZS/VkFB2RQfQNVTSCLSfTdbL7W2j9O0wVuZItCfq94mMRlqPosAkI4pD/dsbi/953RTDIz/jMkkRJPt8KEyFjbE97srucwUMxcgQyhQ3f7XZkCrK0DRaNiW4v1f+S84adXev3jjdrzadoo4S2SRbpEZcckia5IS0SIcwckvuySN5su6sB+vZevmMTlnFzAb5AevtA2vmo9M=</latexit>

s
(T )
2

<latexit sha1_base64="4lGO3fUlrPj6zvDtPUwGqdWL3T8=">AAACHnicbVDLSsNAFJ34rPVVdekmWITqoiRV0WXBjcsKrQpNLJPpTTs4mYSZG7GEfIkbf8WNC0UEV/o3TmsEXweGOZxzLjP3BIngGh3n3Zqanpmdmy8tlBeXlldWK2vrZzpOFYMOi0WsLgKqQXAJHeQo4CJRQKNAwHlwdTz2z69BaR7LNo4S8CM6kDzkjKKRepUDL4ABlxkVfCB3cw/hBoMwm9wcM53nl1mtvZP3Gh7I/lesV6k6dWcC+y9xC1IlBVq9yqvXj1kagUQmqNZd10nQz6hCzgTkZS/VkFB2RQfQNVTSCLSfTdbL7W2j9O0wVuZItCfq94mMRlqPosAkI4pD/dsbi/953RTDIz/jMkkRJPt8KEyFjbE97srucwUMxcgQyhQ3f7XZkCrK0DRaNiW4v1f+S84adXev3jjdrzadoo4S2SRbpEZcckia5IS0SIcwckvuySN5su6sB+vZevmMTlnFzAb5AevtA2vmo9M=</latexit>

+

AutoRegressiveNN

z (T )
<latexit sha1_base64="iUnZgKu74OVQa8LStxxfnzDEMm4=">AAACHHicbVDLSsNAFJ3Ud31VXboJFqG6KEm70KXgxmWFVoUmlsnkph06mYSZG7GGfIgbf8WNC0XcuBD8G6e1gq8DwxzOOZeZe4JUcI2O826VZmbn5hcWl8rLK6tr65WNzTOdZIpBhyUiURcB1SC4hA5yFHCRKqBxIOA8GB6P/fMrUJonso2jFPyY9iWPOKNopF6l6QXQ5zKngvflfuEhXGMQ5ZObY35TFJd5rb1XeCDDr1CvUnXqzgT2X+JOSZVM0epVXr0wYVkMEpmgWnddJ0U/pwo5E1CUvUxDStmQ9qFrqKQxaD+fLFfYu0YJ7ShR5ki0J+r3iZzGWo/iwCRjigP92xuL/3ndDKNDP+cyzRAk+3woyoSNiT1uyg65AoZiZAhlipu/2mxAFWVo+iybEtzfK/8lZ42626w3ThvVI2daxyLZJjukRlxyQI7ICWmRDmHkltyTR/Jk3VkP1rP18hktWdOZLfID1tsHKPqjMw==</latexit>

z (T )
<latexit sha1_base64="iUnZgKu74OVQa8LStxxfnzDEMm4=">AAACHHicbVDLSsNAFJ3Ud31VXboJFqG6KEm70KXgxmWFVoUmlsnkph06mYSZG7GGfIgbf8WNC0XcuBD8G6e1gq8DwxzOOZeZe4JUcI2O826VZmbn5hcWl8rLK6tr65WNzTOdZIpBhyUiURcB1SC4hA5yFHCRKqBxIOA8GB6P/fMrUJonso2jFPyY9iWPOKNopF6l6QXQ5zKngvflfuEhXGMQ5ZObY35TFJd5rb1XeCDDr1CvUnXqzgT2X+JOSZVM0epVXr0wYVkMEpmgWnddJ0U/pwo5E1CUvUxDStmQ9qFrqKQxaD+fLFfYu0YJ7ShR5ki0J+r3iZzGWo/iwCRjigP92xuL/3ndDKNDP+cyzRAk+3woyoSNiT1uyg65AoZiZAhlipu/2mxAFWVo+iybEtzfK/8lZ42626w3ThvVI2daxyLZJjukRlxyQI7ICWmRDmHkltyTR/Jk3VkP1rP18hktWdOZLfID1tsHKPqjMw==</latexit>

�z (T�1)
<latexit sha1_base64="7VmH2Hq7FdZ64yZaaESQ/mw4Ams=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCGVgSopSDBWYmEsUl9SWyrHdVqrThzZN4gSZWbhV1gYQIiVL2Djb3AfA7Qc6eoenXOv7Hu8SHANjvNtZZaWV1bXsuu5jc2t7R17d6+uZawoq1EppGp6RDPBQ1YDDoI1I8VI4AnW8IZXY79xx5TmMqzCKGKdgPRD7nNKwEhd+7AtexJwG9g9eH4y6RyShzS9TQrVU/ck7dp5p+hMgBeJOyN5NEOla3+1e5LGAQuBCqJ1y3Ui6CREAaeCpbl2rFlE6JD0WcvQkARMd5LJKSk+NkoP+1KZCgFP1N8bCQm0HgWemQwIDPS8Nxb/81ox+JedhIdRDCyk04f8WGCQeJwL7nHFKIiRIYQqbv6K6YAoQsGklzMhuPMnL5J6qeieFUs35/myM4sjiw7QESogF12gMrpGFVRDFD2iZ/SK3qwn68V6tz6moxlrtrOP/sD6/AGaU5rD</latexit>

�z (T�1)
<latexit sha1_base64="7VmH2Hq7FdZ64yZaaESQ/mw4Ams=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCGVgSopSDBWYmEsUl9SWyrHdVqrThzZN4gSZWbhV1gYQIiVL2Djb3AfA7Qc6eoenXOv7Hu8SHANjvNtZZaWV1bXsuu5jc2t7R17d6+uZawoq1EppGp6RDPBQ1YDDoI1I8VI4AnW8IZXY79xx5TmMqzCKGKdgPRD7nNKwEhd+7AtexJwG9g9eH4y6RyShzS9TQrVU/ck7dp5p+hMgBeJOyN5NEOla3+1e5LGAQuBCqJ1y3Ui6CREAaeCpbl2rFlE6JD0WcvQkARMd5LJKSk+NkoP+1KZCgFP1N8bCQm0HgWemQwIDPS8Nxb/81ox+JedhIdRDCyk04f8WGCQeJwL7nHFKIiRIYQqbv6K6YAoQsGklzMhuPMnL5J6qeieFUs35/myM4sjiw7QESogF12gMrpGFVRDFD2iZ/SK3qwn68V6tz6moxlrtrOP/sD6/AGaU5rD</latexit>

m (T )
z
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Figure 4: Multi-view subspace learning with CCA-Flow. Similar to Figure 2, we use red
arrows to denote the inference process and the green arrows to denote the gen-
eration process. The inference network for the shared latent z is shown in the
middle. When there is view-dropout, one side of the model (separated by dashed
curve) is trained.

Firstly, given multi-view observations x1 and x2, we suppose the first latent variable
z(0) obeys a diagonal Gaussian distribution, which can be re-parameterized as follows,

z(0) = µz + σz � ε,

where µz and σz are functions of the input observations, e.g., a neural network, ε ∼ N (0, I)
is a white noise, and � is the element-wise product operator.

Additionally, we encode the inputs into a hidden state h, also known as the context
variable, as a deterministic representation of the inputs.

Next, we use a sequence of inverse autoregressive transformations (IATs), as shown in
Figure 3, to build a hierarchy to transform the simple-structured latent variable z(0) into a
flexible and complex one. We formulate the transformation from z(t−1) to z(t) as follows:

z(t) = m(t) + s(t) � z(t−1). (6)
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where mt, st are given by an autoregressive neural networks

[mt, st] = AutoRegressiveNN[t](h, z(t−1)).

Inspired by the LSTM-type structure, z(t) can be constructed as follows:

z(t) = (1− sigmoid(s(t)))�m(t) + sigmoid(s(t))� z(t−1).

The key observation is that the Jacobian determinant of each IAT step can be easily com-
puted. So we have the density of the last layer

log q(z(T )|x) = log q(z(0)|x)−
T∑
t=0

log
∣∣det(

dz(t)

dz(t−1)
)
∣∣ (7)

= −
d∑

i=1

[1
2
ε2i +

1

2
log(2π) +

T∑
t=0

log s
(t)
i

]
. (8)

3.3. Training CCA-Flow by view-dropout

The framework of CCA-Flow is shown in Figure 4. The model includes two parts: the
inference network which consists of a first encoder layer and a set of IAF layers, and the
generation network to reconstruct the data from the final latent variables.

Now we describe the detailed training method for CCA-Flow. The essential idea of our
method is to minimizing the reconstruction error and the distance between projections from
different views in the latent space, simultaneously.

To begin with, if ignoring the objective of maximizing correlation between projections,
we can minimizing the reconstruction error through our model using all views as inputs. So
we can compute the variational lower bound L(θ,φ;x1,x2), the posterior densities of the la-

tent variables according to Eq.(8). The log-likelihoods log pθ(xi|u(T )
i , z(T )) are transformed

into distances between the original observations xi to the reconstructed ones x̃i. For ex-
ample, for continuous observations, we assume Gaussian distributions for the observations,
i.e., xi ∼ N (x̃i, δ

2
i I) , so we can compute the mean-squared error between xi and x̃i as

the log-likelihood functions. Similarly, for binary (or categorical) observations, we assume
Bernoulli (or categorical) distribution over the observations. So we can add a sigmoid (or
softmax) activation before the output layer to let the value of x̃i in range (0, 1) and then
compute the cross-entropy as the log-likelihood functions.

Finally, with the mentioned re-parameterization tricks, the objective of variational in-
ference

min
θ,φ

−L(θ,φ;x1,x2), (9)

can be minimized using stochastic gradient descent, which is easy to implement using mod-
ern deep learning toolboxes.

Next, we perform CCA by randomly dropout some of the views (if there are multiple
views). In this way, it pushes the shared inference network on z to be robust when facing
different input views. For example, when there are two views, we can formulate a loss
function by bypassing one of the views in the input layer, i.e., by minimizing−L(θ,φ;x1,∅),
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we can learn to infer the latent variable z by x1, where ∅ denotes for a masked view-2, e.g.,
an all-zero vector, or an average vector of x2 in the dataset.

By specifying a dropout rate γ for each view, the overall objective function becomes

min
θ,φ

− (1− 2γ)L(θ,φ;x1,x2)− γL(θ,φ;x1,∅)− γL(θ,φ;∅,x2). (10)

Therefore, the model can naturally be trained when there are some sample with missing
views.

Since we need to make the model consistent and stable when using view-dropout, the
bottom layer z(0) is explicitly modeled as an average of the available views,

z(0) = Average
(
encoder(xi)

)
. (11)

Note that, according to the original CCA, we can add a term to explicitly maximize
the correlation of E[z|x1] and E[z|x2]. However, because it adds extra computational
complexity to the model and does not bring much gain on the performance, we do not
include it in our final model.

4. Related work

There are two lines of related work for multi-view learning.
Deep-learning-based multi-view subspace learning adopts deep neural networks

to learn the shared latent representation of the data. MVAE Ngiam et al. (2011) utilizes
auto-encoders to extract shared representations by reconstructing both views from one of
them. However, it did not consider the correlation between views. DCCA Andrew et al.
(2013), as the deep version of CCA, uses two nets to extract nonlinear features for two views
and then maximizes the canonical correlation between the extracted features. Inspired
by both CCA and MVAE, DCCAE Wang et al. (2015a) minimizes reconstruction error
with auto-encoders and maximizes the canonical correlation between the learned bottleneck
representations simultaneously. Some subspace multi-view methods based on the distance
like Contrastive Hermann and Blunsom (2013) and DistAE Wang et al. (2015a) are also
proposed, but without a generative model to generate missing views.

Generative multi-view learning aims to learn a generative model on multi-view
data, which is a relative but different field to subspace learning. Multi-view BiGAN (MV-
BiGAN), based on Bidirectional Generative Adversarial Networks (BiGAN), Chen and De-
noyer (2017) performs density estimation from multi-view inputs. DVCCA Wang et al.
(2017) constructs the variational posterior approximation of the shared latent variable from
one of the views, which is convenient for inference on the samples with missing views. How-
ever, it seeks suboptimal solutions as it can not fully exploit the data. As a modified version
of DVCCA, bi-DVCCA Wang et al. (2017) combines two loss functions which are con-
structed from the two views respectively. Du et al. (2018) proposes a semi-supervised deep
generative multi-view model (semiMVAE) which assumes a mixture of Gaussians structure
of the variational posterior, utilizing information from multiple views. Among these meth-
ods, DVCCA and bi-DVCCA followed the idea of variational CCA to extract the shared
latent variables as well as the private latent variables within each view simultaneously.
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5. Experiments

In this section, we compare different multi-view subspace learning methods which are closely
related to our model CCA-Flow on three different tasks.

5.1. Datasets

- Noisy MNIST1: as used in the VCCA paper Wang et al. (2015a), is generated from
the MNIST dataset with ten classes. Every sample contains two views: view-1 is
an original 28 × 28 image, and view-2 is a noisy image with the same size which is
generated by adding noise to a randomly selected image which has the same label
with view-1. We use the same data splitting with Wang et al. (2015a), i.e., 50,000 for
training, 10,000 for validation, and 10,000 for testing.

- XRMB dataset2: a speech-articulation data for speech recognition with 39 phone
labels, which is also a benchmark dataset for multi-view learning Wang et al. (2015b).
Each sample includes two views: 39-dimensional acoustic view and 16-dimensional
articulatory view. The data for latent representation learning (35 speakers) is fixed,
the rest of the data are used in a 6-fold experiment, i.e., training / tuning / testing
with 8 / 2 / 2 speakers, respectively.

- MIR-Flickr dataset3: A multimodal dataset containing Flickr images, as used
in Wang et al. (2017). Each sample consists of two views: 3857-dimensional real-
valued handcrafted features and 2000-dimensional textual features (frequent tags).
The data has 38 topics, where each sample may be categorized to multiple topics.
We use the unlabelled data (Feature Learning 975K) to learn latent representations
for labeled data, then use projected features of the labeled data. We use a standard
dataset splitting with 10,000 for training, 5,000 for validation, and 10,000 for testing.
We evaluate the performance by learning a linear classifier that predicts the labels.

5.2. Compared baselines

We compare our method with 9 multi-view subspace learning methods, including one vanilla
CCA with linear models, two approximated kernel methods, and six state-of-the-art deep-
learning-based methods.

- CCA Hotelling (1992): the classic multi-view subspace learning model with linear models.

- FKCCA Lopez-Paz et al. (2014): the kernel CCA with random Fourier features.

- NKCCA Williams and Seeger (2001): the kernel CCA with Nyström based approximated
kernels.

- MAVE Ngiam et al. (2011): the basic deep learning model for multi-view subspace learn-
ing. It uses auto-encoders to extract shared representations by reconstructing the obser-
vations.

1. Noisy MNIST: https://ttic.uchicago.edu/∼wwang5/dccae.html
2. XRMB: https://ttic.uchicago.edu/∼klivescu/XRMB data
3. MIR-Flickr: http://www.cs.toronto.edu/∼nitish/multimodal/
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Table 1: Performance on the test set. Results marked with ∗ are from Wang et al. (2017)
and results marked with + are from Wang et al. (2015a).

Algorithm
noisy MNIST XRMB MIR-Flickr

Error(%) PER(%) mAP

Original Inputs 13.1∗ 37.6∗ 0.48+

CCA 19.6∗ 26.7∗ 0.529+

FKCCA 5.1∗ 26.0∗ -
NKCCA 4.5∗ 26.6∗ -

DistAE 16.0∗ 33.2∗ -
DCCA 2.9∗ 29.0∗ 0.573+

DCCAE 2.2∗ 24.8∗ 0.573+

Contrastive 2.7+ 24.6+ 0.565+

MAVE 11.7+ 29.4+ 0.477+

DVCCA 2.4+ 25.2+ 0.615+

bi-DVCCA - - 0.626+

CCA-Flow 0.89 23.3 0.619

- Contrastive Hermann and Blunsom (2013): the method with a constraint that the dis-
tance between the nonlinear latent representations of paired view samples should be
smaller than the distance between the nonlinear latent representations of unmatched
view samples.

- DCCA Andrew et al. (2013): the deep neural network extension of CCA. It uses two
networks to extract nonlinear feature for two views and then maximum the canonical
correlation between the extracted features.

- DistAE Wang et al. (2015a): an extension of MVAE that minimizes the distance between
the learned projections of the two views and the deep generative multi-view learning
reconstruction error between two mappings.

- DCCAE Wang et al. (2015a): an extension of MVAE with two auto-encoders. It maxi-
mizes the canonical correlation between the learned bottleneck representations and min-
imizes the reconstruction errors.

- DVCCA and bi-DVCCA Wang et al. (2017): DVCCA constructs the variational posterior
approximation of the shared latent variable from just one view and ignores the rest one; bi-
DVCCA combines two lower bounds, for every lower bound, the approximated posterior
distribution is constructed from every view.

5.3. Experimental settings

We use the experimental setting similar to Wang et al. (2015a, 2017). For each method and
dataset, we first conduct unsupervised subspace learning to learn the inference networks. To
evaluate the quality the latent representation inferred by different methods on the datasets,
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Input View 1

Reconstruct View1

Input View 2

Reconstruct View 2

Figure 5: Reconstruction of the test data on noisy MNIST.

we train a linear SVM on the latent representations of train data and use it to classify the
latent representations of test data. We adopt the three evaluation metrics: Classification
error rate on noisy MNIST, mean phone error rate (PER) over 6 folds on XRMB and mean
average precision (mAP) for multi-label classification task on MIR-Flick.

5.4. Implementation details

As shown in Figure 4, CCA-Flow consists of an inference network and a generation net-
work. For the first encoding layer and the decoder, we adopt two-layered fully-connected
ReLU networks with 128 hidden units. For each IAF step (IAT) as shown in Figure 3, the
autoregressive neural networks are two-layered dense networks with 10 units.

For noisy MNIST, the number of IAF steps (NIAF) is set to 2, d is set to 64 and Bernoulli
distribution is selected to be the likelihood. For MIR-Flickr, NIAF = 2, d = 64, Bernoulli
distribution is set for binary view and Gaussian distribution is set for continuous data view.
For XRMB, NIAF = 3, d = 128 and the Gaussian distribution is selected to be likelihood.
We use the Adam optimizer Kingma and Ba (2014) with a learning rate 0.001 to perform
stochastic gradient descent. The dropout rate γ for each view is set to γ = 0.1.

5.5. Experimental results

All experiment results are shown in Table 1. We use the same data splitting and evaluation
metrics with Wang et al. (2015a) and Wang et al. (2017). So in Table 1, results from Wang
et al. (2017) are marked with ∗ and results from Wang et al. (2015a) are marked with +.

From Table 1, we have the following observations.
Firstly, to show the effectiveness of using a generative model, we find that DCCAE

performs better than DCCA on these three tasks. It is because DCCAE considers the
reconstruction error. Therefore, it shows that training a generative model helps to improve
the quality of latent representations.
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Figure 6: 2-D T-SNE of the shared latent variable for noisy MNIST, on the test data.
Each color represents a class. It shows that our model separates the classes even
without looking at the labels.

Also we find that DistAE performs poorly on the first two datasets. Although Dis-
tAE introduces the reconstruction error in the objective function, it does not model the
correlation between the views, which might be the reason for its performance.

DVCCA and our CCF-Flow models both the reconstruction errors and the correlations
between views, so they outperforms the previous methods. Moreover, our CCF-Flow uses
flow-based inference to extract more flexible representations, which makes it performs the
best comparing to all the compared baselines.

To better demonstrate the representation power, Figure 6 shows 2D t-SNE visualizations
of the shared latent variables z(T ) learned by CCA-Flow. Each color represents one class.
We did not use any label information when learning the latent representations. Therefore,
in general, CCA-Flow separates the classes well and has a good representation ability of
shared latent variables.

Also, Figure 5 shows sample reconstructions by CCA-Flow for the same pair views. We
can see the reconstructions are pretty good. Specifically, for the noisy view-2, the results
show that it not only achieves a denoising effect on the noisy background, but also make

189



He Pan Zhuang∗ He

Table 2: Effect of NIAF in CCA-Flow

NIAF
noisy MNIST XRMB MIR-Flickr

Error(%) PER(%) mAP

0 2.64 27.8 0.584
1 1.15 25.4 0.592
2 0.89 24.4 0.619
4 1.35 24.2 0.609
6 1.37 24.8 0.573

Table 3: Effect of d in CCA-Flow

d
noisy MNIST XRMB MIR-Flickr

Error(%) PER(%) mAP

8 1.68 34.2 0.530
16 1.24 28.9 0.586
32 1.12 26.9 0.591
64 0.89 24.2 0.619
128 0.97 23.3 0.598

the digits easier to identify. For example, the “0” in the second input image of view-2 is
not a complete circle, but the reconstructed “0” is completed. Therefore, it shows that the
model can successfully transfer the knowledge from one view to another.

5.6. Parameter study

We study the performance change of CCA-Flow with two important parameters, the number
of IAF layers NIAF, and the size of the latents d. Performances change when NIAF varies
on all datasets. From the results in Table 2, we can see that when we do not use any IAF
layer, the model performs the worst (in this case, it is actually the original VCCA model).
It verified the effectiveness of using IAF to improve the inference quality. Also, we find
that different datasets prefer different number of IAF steps. The best value of NIAF for
MNIST and MIR-Flickr is two while for XRMB is four. It would be better to choose NIAF

from range [2, 4]. The dimension of the shared latent representations d also influences the
performance of CCA-Flow. From the results shown in Table 3, we find different dataset
prefers different choices of d. A robust choice of d ranges from 64 to 128.

6. Conclusion

We propose CCA-Flow, a novel method for multi-view subspace learning that achieves
strong representation power and efficient learning. Our model is based on a basic auto-
encoder structure and a variational CCA loss function. To obtain a sufficiently flexible and
arbitrarily complex approximated posterior on the latent variables, we introduce a hierarchy
of inverse autoregressive flow as the inference network. We use Monte Carlo variational
inference to efficiently train the model with stochastic gradient descent. Furthermore, we
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use view-dropout to implicitly maximize the correlation of projections from different views
in the shared latent space. In this way, the model can make inference at the samples with
missing views. Experiments showed that our model achieved state-of-the-art performance
on three benchmark multi-view datasets.
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