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Introduction

• What is Canonical Correlation Analysis (CCA)?

▷ Let x1 ∈ RM1 and x2 ∈ RM2 be random vectors (a.k.a. views)

▷ CCA: Find vectors q1 ∈ RM1 and q2 ∈ RM2 that solve
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▷ Goal: Estimate the common factor g

• Deep Generalized CCA (DGCCA)1

- Generalized → More than 2 views, i.e.
{
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}K
k=1

- Deep → Nonlinear transformations using Deep Neural Networks
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• Challenges & Popular Options

⊗ Trivial solutions can occur

▷ Solution I: Use g to reconstruct
{
xk ∈ RMk

}K
k=1

−Deep Canonically Correlated Autoencoders (DCCAE)2

−No identifiability conditions

▷ Solution II: Introduce also private factors3

− Identifiability conditions

−{ck}Kk=1 have to be estimated

−Leakages can take place in practice
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Proposed Approach

• Generative Model

▷ For each view, assume that

xk = vk
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- g ∈ RF ∼ Dg is the common random vector

- c(k) ∈ RLk ∼ Dc(k) are the private random vectors
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• Problem Formulation

▷ Ideal formulation
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ĝĝT
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▷ Practical & Leakage-free formulation
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ĝĝT
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• First Identifiability Result on DGCCA

Theorem. If: (i) functions vk are partially invertible w.r.t. g,
(ii) ∃ k′ ∈ [K] s.t. E[xk′ | g] ̸= E[xk′] (mean dependence),

then the learned f k(xk) correspond to γ(g), with γ : RF → RF . Moreover, if
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[[
x1

T , . . . ,xK
T
]T ∣∣g] is an invertible function of g,

then g is identifiable up to invertible nonlinearities.

• Scalable Algorithm: AO-based with complexity O
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Experimental Evaluation

• Dataset

▷ Multiview Noisy MNIST digits
▷ Speech recognition from acoustic-articulatory data (XRMB)

• Baselines Linear CCA, Deep Generalized CCA (DGCCA) 1, Deep Canonically Correlated Autoencoders (DCCAE)2, Method of Lyu et al3

λ = 0.1 λ = 0.3 λ = 0.5 λ = 0.7 λ = 0.9
CCA - - 0.89±0 - -
DGCCA - - 0.97±0 - -
DCCAE 0.97±0 0.97±0 0.97±0 0.94±0.01 0.49±0.15
Lyu et al. β = 0 0.97±0 0.97 ±0 0.94±0.05 0.94±0.01 0.62±0.11
Lyu et al. β = 10−3 0.21±0.02 0.22±0.02 0.22±0.02 0.21±0.01 0.21±0.02
Proposed 0.98±0 0.98±0 0.97±0 0.97±0 0.87±0.21

Table 1: Clustering accuracy for the Multiview MNIST for different λs.

λ = 0.1 λ = 0.3 λ = 0.5 λ = 0.7 λ = 0.9
CCA - - 0.35±0 - -
DGCCA - - 0.46±0 - -
DCCAE 0.47±0.01 0.50±0.01 0.52±0.01 0.54±0.01 0.57±0
Lyu et al. β = 10−6 0.60±0.01 0.60±0.01 0.60±0 0.60±0 0.60±0
Proposed 0.51±0.01 0.54±0.01 0.57±0.01 0.58±0.01 0.63±0.01

Table 2: Classification scores on phoneme classification for different λs.
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