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Covariance Matrix

Ø  Covariance matrix captures the redundancies between data points (features) 

• Brain datasets: some areas of the brain activate together

• Financial datasets: stock prices fluctuate in tandem

• Traffic datasets: traffic volume is correlated across intersections
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Learning with covariances
Capture latent relationships between data points

↭ Data usually contains hidden interconnections
→ Some areas in the brain activate together
→ The value of some stocks over time might vary similarly
→ The tra!c level at di"erent intersections is related

↭ One way to capture these relations is through the covariance matrix
→ Consider a RV x ↑ RN

→ The covariance is C = E[(x↓ µ)(x↓ µ)T], where µ = E[x]
→ In practice, we work on estimates µ̂ =

∑t
t→=1 xt→/t and Ĉ =

∑t
t→=1(xt→ ↓ µ̂)(xt→ ↓ µ̂)T/t

Brain Financial Tra!cBrain
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Covariance Matrix

3

Ø  Evaluating a covariance matrix

• Consider a random vector

• The covariance matrix is 

• In practice, we have sample covariance matrix (an estimate)

                   𝑛: number of samples (size of a dataset)                       

<latexit sha1_base64="c6hkOBfoElwTSqYXeZkECmylt0s="></latexit>

C = E[(x→ µ)(x→ µ)T], where µ = E[x]

<latexit sha1_base64="WQZDE+HFytapoSFYOYmHbQPQpwc="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T, where µ̂ =
1

n

n∑

i=1

xi

<latexit sha1_base64="63cYCcrz0qY8PouTxNVD6HZpFYQ=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSyCq5KIVJdFNy6r2Ac0sUymk3bozCTMTMQS4sZfceNCEbf+hTv/xkmbhbYeuHA4517uvSeIGVXacb6thcWl5ZXV0lp5fWNza9ve2W2pKJGYNHHEItkJkCKMCtLUVDPSiSVBPGCkHYwuc799T6SikbjV45j4HA0EDSlG2kg9ez/1ghA+ZNCjAnoc6WEQpDfZHe/ZFafqTADniVuQCijQ6NlfXj/CCSdCY4aU6rpOrP0USU0xI1nZSxSJER6hAekaKhAnyk8nH2TwyCh9GEbSlNBwov6eSBFXaswD05nfqGa9XPzP6yY6PPdTKuJEE4Gni8KEQR3BPA7Yp5JgzcaGICypuRXiIZIIaxNa2YTgzr48T1onVbdWrV2fVuoXRRwlcAAOwTFwwRmogyvQAE2AwSN4Bq/gzXqyXqx362PaumAVM3vgD6zPHxImlqw=</latexit>

x → Rm
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Covariance Matrix
Ø  Covariance matrix encodes redundancies between different features in data

𝜎	"(𝑟#) 𝜎	 (𝑟#, 𝑟")

𝜎	 (𝑟#, 𝑟") 𝜎	"(𝑟")

Covariance matrix 
(2-feature dataset) 

Feature 𝑟"

Feature	𝑟#

Low redundancy 
(smaller 𝜎	 (𝑟#, 𝑟")) 

High redundancy 
(higher 𝜎	 (𝑟#, 𝑟")) 

Feature 𝑟"

Feature	𝑟#

Covariance Matrix

4

𝜎	 (𝑟#, 𝑟") = how features 𝑟# and 𝑟" vary with respect to each other
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Covariance matrices are widespread in biomedical signal processing and ML

Ø Principal component analysis (PCA)
• Eigenvectors of the covariance matrix form principal components (PCs)
• PCs inform the shape of a dataset (directions of variance)

      

5
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Learning with covariances
Popular applications

↭ Covariances are widespread in signal processing and machine learning applications
↭ Principal Component Analysis (PCA)

→ Transformation to maximize the variance of data points
→ For a sample x, x̃ = V̂x where Ĉ = V̂!̂V̂ is covariance eigendecomposition
→ Used for dimensionality reduction by selecting only a few eigenvectors

Jolli!e. Principal component analysis. Springer Verlag, New York, 2002

Principal component 1

Principal component 2
PCA transform in ML
o Unsupervised learning (dim. reduction)
o Supervised learning (regression, 

classification)

<latexit sha1_base64="myv0k/RfOYFQp95DVJwCgX5mJaw="></latexit>

Given sample x and eigendecomposition Ĉ = V̂!̂V̂T,

PCA transform: x̃ = V̂Tx
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Ø Covariance matrices are leveraged as graphical representations of data

• A graph 𝐺 = (𝑉, 𝐸,𝑊) 

o Set of nodes 𝑉 

o Set of edges 𝐸

• Covariance matrix is a fully connected graph, 

o nodes are the features 

o edges  associated with pairwise covariance values

6

1 2

6 3

5 4
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x = [x1, . . . , x6]
T

o A weight function 𝑊

Covariance matrices are widespread in biomedical signal processing and ML
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Ø Covariance matrices as graphical representations; used in graph neural nets

7

Brain connectome [Li, et al. 2021]
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Learning with covariances
Popular applications

↭ Covariances are widespread in signal processing and machine learning applications
↭ Topology estimation

→ Several works estimate a topology based on covariance or correlation matrices
→ Functional brain network from fMRI signals
→ Correlation graph from motion sensor measurements

Brain fMRI data Human motion sensor recordings

Wang et al., MhaGNN, IEEE Transactions on Instrumentation and Measurement, 2023
Li et al., BrainGNN: Interpretable brain graph neural network for fMRI analysis. Medical Image Analysis, 2021
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Ø Covariance matrices as graphical representations; used in graph neural nets
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Covariance matrices are widespread in biomedical signal processing and ML
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Ø Covariance matrices as graphical representations; used in graph neural nets
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Fig. 3: Merchant category correlation matrix and graph (a) 163⇥163 matrix heatmap plot corre-
sponding to ⇢(ci, cj) correlation values (see Eq. 10) between categories. Colors scale with the loga-
rithm of correlation values. Positive (resp. negative) correlations are assigned by red (resp. blue)
colors. Diagonal components represent communities with frames colored accordingly.(b) Weighted
G>

⇢ correlation graph with nodes annotated with MCCs (see Table 1). Colors assign 17 communities
of merchant categories with representative names summarized in the figure legend.

the categories ci and cj are positively correlated and
if ⇢(ci, cj) < 1, categories are negatively correlated.
Using ⇢(ci, cj) we can define a weighted correlation
graph G⇢ = (V⇢, E⇢, ⇢) between categories ci 2 V⇢,
where links (ci, cj) 2 E⇢ are weighted by the ⇢(ci, cj)
correlation values. The weighted adjacency matrix
of G⇢ is shown in Fig.3a as a heat-map matrix with
logarithmically scaling colors. Importantly, this ma-
trix emerges with several block diagonal components
suggesting present communities of strongly correlated
categories in the graph.

To identify categories which were commonly pur-
chased together we consider only links with positive
correlations. Furthermore, to avoid false positive cor-
relations, we consider a 10% error on r that can in-
duce, in the worst case 50% overestimation of the
correlation values. In addition, to consider only rep-
resentative correlations we take into account category
pairs which were commonly purchased by at least
1000 consumers. This way we receive a G>

⇢ weighted
sub-graph of G⇢, shown in Fig.3b, with 163 nodes
and 1664 edges with weights ⇢(ci, cj) > 1.5.

To identify communities in G>
⇢ indicated by the

correlation matrix in Fig.3a we applied a graph parti-

tioning method based on the Louvain algorithm [28].
We obtained 17 communities depicted with di↵er-
ent colors in Fig.3b and as corresponding colored
frames in Fig.3a. Interestingly, each of these com-
munities group a homogeneous set of merchant cat-
egories, which could be assigned to similar types of
purchasing activities (see legend of Fig.3b). In addi-
tion, this graph indicates how di↵erent communities
are connected together. Some of them, like Trans-
portation, IT or Personal Serv. playing a central
role as connected to many other communities, while
other components like Car sales and maintenance
and Hardware St., or Personal and Health and med-
ical Serv. are more like pairwise connected. Some
groups emerge as standalone communities like O�ce
Supp. St., while others like Books and newspapers
or Newsstands and duty-free Shops (Sh.) appear as
bridges despite their small sizes.

⇢(ci, cj) =
n(
P

u r(ci, u)r(cj , u))

(
P

u r(ci, u))(
P

u r(cj , u))
. (10)

Note that the main categories corresponding to
everyday necessities related to food (Supermarkets,
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Covariance matrices are widespread in biomedical signal processing and ML
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Network neuroscience

10

Figure 2: Anatomic features and anatomic covariance matrix.

stratification in the spirit of this paper have relevance for precision medicine, as such advancements77

can lead to actionable insights quickly with relatively less time and resource consumption.78

The key contribution of this paper lies in providing a principled approach of leveraging reconstructed79

anatomic features derived from coVariance neural network (VNN)-driven (supervised) autoencoder80

to achieve better clinical stratification than that possible by standard anatomic features extracted from81

structural MRI. VNNs have recently been studied as graph neural networks (GNNs) operating on82

the sample covariance matrix graph, to advance the theoretical and empirical principles of statistical83

inference [29–34]; see supplementary material for a review of VNN models and their previous84

applications in neuroimaging data analysis and computational neuroscience.85

2 A VNN-driven approach to transforming anatomic features86

Preliminaries. The setups of the anatomic features and anatomic covariance matrix are illustrated87

in Fig. 2. In this paper, the anatomic features are derived from structural MRI, with each element88

representing a statistic (such as cortical thickness) associated with a distinct brain region. Moreover,89

the anatomical covariance matrix provides the graph representation of the inter-relationships between90

different anatomic features across the whole brain [35]. Anatomic features and anatomic covariance91

matrix hold significant relevance in computational neuroscience, where recent works on morphometric92

similarity networks have generalized the concept of anatomical covariance to include multiple93

modalities of information inherent within structural MRI [36] and demonstrated their relevance to94

identifying biomarkers [37].95

To set up the VNN-driven approach technically, consider a dataset consisting of n individuals, whose96

anatomic features are represented by m-dimensional vectors, such that, the vector of anatomic97

features for individual i is given by xi → Rm→1. The anatomic covariance matrix for this dataset is98

estimated as99

C ↭ 1

n↑ 1

n∑

i=1

(xi ↑ x̄)(xi ↑ x̄)T , (1)

where x̄ is the sample mean of anatomic features across the dataset. Similar to GNNs that leverage100

linear-shift-and-sum operators over matrix representation of a graph as graph filters [38–40], the101

convolution operation in a VNN is modeled by a coVariance filter, given by102

H(C) ↭
K∑

k=0

hkC
k , such that, output z = H(C)x for input x → Rm→1 (2)

The scalar parameters {hk}
K
k=0 are the filter taps that are learned from the data. Note that the103

application of coVariance filter preserves the shape of the input x at the output z.104

coVariance filters and PCA. The foundational works on VNNs have leveraged the eigendecom-105

position of the covariance matrix C to establish that coVariance filter is fundamentally similar to106

the well-known principal component analysis (PCA)-transform [29, 32]. Specifically, given the107

eigendecomposition C = V!V
T, where V is the matrix of eigenvectors of C and ! is a diagnonal108

matrix of eigenvalues {ωi}
m
i=1 ordered as ω1 ↓ ω2 · · · ↓ ωm, it can be readily checked that109

V
T
z = h(!)VT

x where h(!) =
K∑

k=0

hk!
k

3

Ø Modeling brain as a network (connectomes)

Ø Motivation

• Significant redundancies in brain structural/functional features

• Brain structure/function is compromised in neurodegeneration

3/53
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Network neuroscience
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Ø Inference over covariance matrices

• Traditional statistical approaches (for e.g., PCA)
o Interpretable, suitable for low data regimes

• Deep learning approaches (for e.g., GNNs)
o Enhanced expressivity, improved performance

Ø Performance-focused approaches not sufficient in biomedical applications

Ø Principled ML approaches for reproducible, transparent, generalizable findings

3/53
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Brain age gap prediction
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Ø Brain age gap is a ML-derived biomarker that reflects neurodegeneration 
<latexit sha1_base64="7LTHrokph/c1HRt2A1nEfmKolSE="></latexit>

Brain age gap (�-Age) = Predicted brain age (ŷB) - Chronological age
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Brain age gap prediction

13

Ø Brain age gap is an ML-derived biomarker that reflects neurodegeneration 

Ø Challenges arising from using off-the-shelf ML approaches:

• Irreproducible outcomes over independent/heterogeneous datasets 

• Lack of anatomical interpretability/explainability

• Methodological obscurities (Accuracy ≠ Clinical or Biological Utility)

<latexit sha1_base64="7LTHrokph/c1HRt2A1nEfmKolSE="></latexit>

Brain age gap (�-Age) = Predicted brain age (ŷB) - Chronological age
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Learning with covariance matrices: Challenges 

Ø  Sample covariance matrix is estimate from finite data

Ø  ML model is trained on training dataset,
     deployed on test dataset

Ø Statistical spaces defined by training and 
      test data may not align perfectly 

14

ML 
model

Input data Output

Covariance matrix 
<latexit sha1_base64="zRPnDufKzHqf2dhV8xhOZDk+Qrc="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T

Representation of
training dataset

Representation of
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Challenge 1 (stability) 
Are inference outcomes stable to 
perturbations in covariance matrix 
(finite sample effect)?

Ø  Sample covariance matrix is estimate from finite data

Ø  ML model is trained on training dataset,
     deployed on test dataset

Ø Statistical spaces defined by training and 
      test data may not align perfectly 
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Learning with covariance matrices: Challenges 

Ø  Datasets capture information about same phenomenon at different scales
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Learning with covariance matrices: Challenges 

Ø  Datasets capture information about same phenomenon at different scales
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Challenge 2 (transferability)
Can the redundancy in covariance matrices of datasets of different sizes be exploited?
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Learning with covariance matrices: A GSP approach

Ø Signal and information processing is about exploiting signal structure

Ø Graph signal processing (GSP): broaden classical signal processing to graphs 
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ABSTRACT | Research in graph signal processing (GSP) aims 

to develop tools for processing data defined on irregular graph 

domains. In this paper, we first provide an overview of core ideas in 

GSP and their connection to conventional digital signal processing, 

along with a brief historical perspective to highlight how concepts 

recently developed in GSP build on top of prior research in other 

areas. We then summarize recent advances in developing basic GSP 

tools, including methods for sampling, filtering, or graph learning. 

Next, we review progress in several application areas using GSP, 

including processing and analysis of sensor network data, biological 

data, and applications to image processing and machine learning.

KEYWORDS | Graph signal processing (GSP); network science 

and graphs; sampling; signal processing

I .  IN TRODUCTION A ND MOTI VATION

Data is all around us, and massive amounts of it. Almost 
every aspect of human life is now being recorded at all lev-
els: from the marking and recording of processing inside the 
cells starting with the advent of fluorescent markers, to our 
personal data through health monitoring devices and apps, 
financial and banking data, our social networks, mobility 
and traffic patterns, marketing preferences, fads, and many 
more. The complexity of such networks [1] and interactions 
means that the data now reside on irregular and complex 
structures that do not lend themselves to standard tools.

Digital Object Identifier: 10.1109/JPROC.2018.2820126

Graphs offer the ability to model such data and complex 
interactions among them. For example, users on Twitter can be 
modeled as nodes while their friend connections can be modeled 
as edges. This paper explores adding attributes to such nodes and 
modeling those as signals on a graph; for example, year of gradua-
tion in a social network, temperature in a given city on a given day 
in a weather network, etc. Doing so requires us to extend classical 
signal processing concepts and tools such as Fourier transform, 
filtering, and frequency response to data residing on graphs. It 
also leads us to tackle complex tasks such as sampling in a princi-
pled way. The field that gathers all these questions under a com-
mon umbrella is graph signal processing (GSP) [2], [3].

While the precise definition of a graph signal will be 
given later in the paper, let us assume for now that a graph 
signal is a set of values residing on a set of nodes. These nodes 
are connected via (possibly weighted) edges. As in classical 
signal processing, such signals can stem from a variety of 
domains; unlike in classical signal processing, however, the 
underlying graphs can tell a fair amount about those signals 
through their structure. Different types of graphs model dif-
ferent types of networks that these nodes represent.

Typical graphs that are used to represent common real-
world data include Erdős–Rényi graphs, ring graphs, random 
geometric graphs, small-world graphs, power-law graphs, 
nearest-neighbor graphs, scale-free graphs, and many others. 
These model networks with random connections (Erdoős–
Rényi graphs), networks of brain neurons (small-world 
graphs), social networks (scale-free graphs), and others.

As in classical signal processing, graph signals can have 
properties, such as smoothness, that need to be appropri-
ately defined. They can also be represented via basic atoms 
and can have a spectral representation. In particular, the 
graph Fourier transform allows us to develop the intuition 
gathered in the classical setting and extend it to graphs; we 
can talk about the notions of frequency and bandlimitedness, 
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S ignal processing (SP) excels at analyzing, processing, and 
inferring information defined over regular (first continu-
ous, later discrete) domains such as time or space. Indeed, 

the last 75 years have shown how SP has made an impact in 
areas such as communications, acoustics, sensing, image 
processing, and control, to name a few. With the digitaliza-
tion of the modern world and the increasing pervasiveness of 
data-collection mechanisms, information of interest in current 
applications oftentimes arises in non-Euclidean, irregular do-
mains. Graph SP (GSP) generalizes SP tasks to signals living 
on non-Euclidean domains whose structure can be captured by 
a weighted graph. Graphs are versatile, able to model irregu-
lar interactions, easy to interpret, and endowed with a corpus 
of mathematical results, rendering them natural candidates to 
serve as the basis for a theory of processing signals in more 
irregular domains.

The term graph signal processing was coined a decade ago 
in the seminal works of [1], [2], [3], and [4]. Since these papers 
were published, GSP-related problems have drawn significant 
attention, not only within the SP community [5] but also in 
machine learning (ML) venues, where research in graph-based 
learning has increased significantly [6]. Graph signals are well-
suited to model measurements/information/data associated 
with (indexed by) a set where 1) the elements of the set belong 
to the same class (regions of the cerebral cortex, members of 
a social network, weather stations across a continent); 2) there 
exists a relation (physical or functional) of proximity, influence, 
or association among the different elements of that set; and 3) 
the strength of such a relation among the pairs of elements is 
not homogeneous. In some scenarios, the supporting graph is 
a physical, technological, social, information, or biological net-
work where the links can be explicitly observed. In many other 
cases, the graph is implicit, capturing some notion of depen-
dence or similarity across nodes, and the links must be inferred 
from the data themselves. As a result, GSP is a broad frame-
work that encompasses and extends classical SP methods, tools, 
and algorithms to application domains of the modern techno-
logical world, including social, transportation,  communication, 
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The effective representation, processing, analysis, and visual-
ization of large-scale structured data, especially those related 
to complex domains, such as networks and graphs, are one 

of the key questions in modern machine learning. Graph signal 
processing (GSP), a vibrant branch of signal processing models 
and algorithms that aims at handling data supported on graphs, 
opens new paths of research to address this challenge. In this ar-
ticle, we review a few important contributions made by GSP con-
cepts and tools, such as graph filters and transforms, to the devel-
opment of novel machine learning algorithms. In particular, our 
discussion focuses on the following three aspects: exploiting data 
structure and relational priors, improving data and computation-
al efficiency, and enhancing model interpretability. Furthermore, 
we provide new perspectives on the future development of GSP 
techniques that may serve as a bridge between applied mathe-
matics and signal processing on one side and machine learning 
and network science on the other. Cross-fertilization across these 
different disciplines may help unlock the numerous challenges of 
complex data analysis in the modern age.

Introduction
We live in a connected society. Data collected from large-scale 
interactive systems, such as biological, social, and financial 
networks, become largely available. In parallel, the past few 
decades have seen a significant amount of interest in the ma-
chine learning community for network data processing and 
analysis. Networks have an intrinsic structure that conveys 
very specific properties to data, e.g., interdependencies be-
tween data entities in the form of pairwise relationships. These 
properties are traditionally captured by mathematical repre-
sentations such as graphs.

In this context, new trends and challenges have been devel-
oping fast. Let us consider, for example, a network of protein–
protein interactions and the expression level of individual genes 
at every point in time. Some typical tasks in network biology 
related to this type of data are 1) discovery of key genes (via 
protein grouping) affected by the infection and 2) prediction 
of how the host organism reacts (in terms of gene expression) 
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Ø Signal and information processing is about exploiting signal structure

Ø Graph signal processing (GSP): broaden classical signal processing to graphs 
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ABSTRACT | Research in graph signal processing (GSP) aims 

to develop tools for processing data defined on irregular graph 

domains. In this paper, we first provide an overview of core ideas in 

GSP and their connection to conventional digital signal processing, 

along with a brief historical perspective to highlight how concepts 

recently developed in GSP build on top of prior research in other 

areas. We then summarize recent advances in developing basic GSP 

tools, including methods for sampling, filtering, or graph learning. 

Next, we review progress in several application areas using GSP, 

including processing and analysis of sensor network data, biological 

data, and applications to image processing and machine learning.

KEYWORDS | Graph signal processing (GSP); network science 

and graphs; sampling; signal processing

I .  IN TRODUCTION A ND MOTI VATION

Data is all around us, and massive amounts of it. Almost 
every aspect of human life is now being recorded at all lev-
els: from the marking and recording of processing inside the 
cells starting with the advent of fluorescent markers, to our 
personal data through health monitoring devices and apps, 
financial and banking data, our social networks, mobility 
and traffic patterns, marketing preferences, fads, and many 
more. The complexity of such networks [1] and interactions 
means that the data now reside on irregular and complex 
structures that do not lend themselves to standard tools.

Digital Object Identifier: 10.1109/JPROC.2018.2820126

Graphs offer the ability to model such data and complex 
interactions among them. For example, users on Twitter can be 
modeled as nodes while their friend connections can be modeled 
as edges. This paper explores adding attributes to such nodes and 
modeling those as signals on a graph; for example, year of gradua-
tion in a social network, temperature in a given city on a given day 
in a weather network, etc. Doing so requires us to extend classical 
signal processing concepts and tools such as Fourier transform, 
filtering, and frequency response to data residing on graphs. It 
also leads us to tackle complex tasks such as sampling in a princi-
pled way. The field that gathers all these questions under a com-
mon umbrella is graph signal processing (GSP) [2], [3].

While the precise definition of a graph signal will be 
given later in the paper, let us assume for now that a graph 
signal is a set of values residing on a set of nodes. These nodes 
are connected via (possibly weighted) edges. As in classical 
signal processing, such signals can stem from a variety of 
domains; unlike in classical signal processing, however, the 
underlying graphs can tell a fair amount about those signals 
through their structure. Different types of graphs model dif-
ferent types of networks that these nodes represent.

Typical graphs that are used to represent common real-
world data include Erdős–Rényi graphs, ring graphs, random 
geometric graphs, small-world graphs, power-law graphs, 
nearest-neighbor graphs, scale-free graphs, and many others. 
These model networks with random connections (Erdoős–
Rényi graphs), networks of brain neurons (small-world 
graphs), social networks (scale-free graphs), and others.

As in classical signal processing, graph signals can have 
properties, such as smoothness, that need to be appropri-
ately defined. They can also be represented via basic atoms 
and can have a spectral representation. In particular, the 
graph Fourier transform allows us to develop the intuition 
gathered in the classical setting and extend it to graphs; we 
can talk about the notions of frequency and bandlimitedness, 
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S ignal processing (SP) excels at analyzing, processing, and 
inferring information defined over regular (first continu-
ous, later discrete) domains such as time or space. Indeed, 

the last 75 years have shown how SP has made an impact in 
areas such as communications, acoustics, sensing, image 
processing, and control, to name a few. With the digitaliza-
tion of the modern world and the increasing pervasiveness of 
data-collection mechanisms, information of interest in current 
applications oftentimes arises in non-Euclidean, irregular do-
mains. Graph SP (GSP) generalizes SP tasks to signals living 
on non-Euclidean domains whose structure can be captured by 
a weighted graph. Graphs are versatile, able to model irregu-
lar interactions, easy to interpret, and endowed with a corpus 
of mathematical results, rendering them natural candidates to 
serve as the basis for a theory of processing signals in more 
irregular domains.

The term graph signal processing was coined a decade ago 
in the seminal works of [1], [2], [3], and [4]. Since these papers 
were published, GSP-related problems have drawn significant 
attention, not only within the SP community [5] but also in 
machine learning (ML) venues, where research in graph-based 
learning has increased significantly [6]. Graph signals are well-
suited to model measurements/information/data associated 
with (indexed by) a set where 1) the elements of the set belong 
to the same class (regions of the cerebral cortex, members of 
a social network, weather stations across a continent); 2) there 
exists a relation (physical or functional) of proximity, influence, 
or association among the different elements of that set; and 3) 
the strength of such a relation among the pairs of elements is 
not homogeneous. In some scenarios, the supporting graph is 
a physical, technological, social, information, or biological net-
work where the links can be explicitly observed. In many other 
cases, the graph is implicit, capturing some notion of depen-
dence or similarity across nodes, and the links must be inferred 
from the data themselves. As a result, GSP is a broad frame-
work that encompasses and extends classical SP methods, tools, 
and algorithms to application domains of the modern techno-
logical world, including social, transportation,  communication, 
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The effective representation, processing, analysis, and visual-
ization of large-scale structured data, especially those related 
to complex domains, such as networks and graphs, are one 

of the key questions in modern machine learning. Graph signal 
processing (GSP), a vibrant branch of signal processing models 
and algorithms that aims at handling data supported on graphs, 
opens new paths of research to address this challenge. In this ar-
ticle, we review a few important contributions made by GSP con-
cepts and tools, such as graph filters and transforms, to the devel-
opment of novel machine learning algorithms. In particular, our 
discussion focuses on the following three aspects: exploiting data 
structure and relational priors, improving data and computation-
al efficiency, and enhancing model interpretability. Furthermore, 
we provide new perspectives on the future development of GSP 
techniques that may serve as a bridge between applied mathe-
matics and signal processing on one side and machine learning 
and network science on the other. Cross-fertilization across these 
different disciplines may help unlock the numerous challenges of 
complex data analysis in the modern age.

Introduction
We live in a connected society. Data collected from large-scale 
interactive systems, such as biological, social, and financial 
networks, become largely available. In parallel, the past few 
decades have seen a significant amount of interest in the ma-
chine learning community for network data processing and 
analysis. Networks have an intrinsic structure that conveys 
very specific properties to data, e.g., interdependencies be-
tween data entities in the form of pairwise relationships. These 
properties are traditionally captured by mathematical repre-
sentations such as graphs.

In this context, new trends and challenges have been devel-
oping fast. Let us consider, for example, a network of protein–
protein interactions and the expression level of individual genes 
at every point in time. Some typical tasks in network biology 
related to this type of data are 1) discovery of key genes (via 
protein grouping) affected by the infection and 2) prediction 
of how the host organism reacts (in terms of gene expression) 
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Learning with covariance matrices: A GSP approach

Ø Graph neural networks (GNNs) have been shown to be [Ruiz et al., 2023] 

• stable to (abstract) perturbations in graph structure

• generalizable to graph structures of  different sizes 

     (similar to convolutional neural nets for images)

Ø Covariance matrix is a data-driven graph

• interplay between perturbation theory of covariances and ML over them
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coVariance neural networks

21

Ø coVariance neural networks (VNNs): 

GNNs operating on covariance matrices

Ø Two tutorial articles in IEEE SPM

• Tutorial article on ‘Disentangling 
neurodegeneration with brain age gap prediction 
models’, 2025.

• Tutorial article on ‘CoVariance Neural Networks: 
Principal Component Analysis Meets Learning 
with Graphs’ (under review)
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Outline

Ø Brain age gap prediction: Going beyond performance-driven approaches

Ø CoVariance neural networks (VNNs)

Ø Connections with PCA and Stability of VNNs

Ø Principled brain age gap prediction with VNNs

Ø Transferability of VNN-derived brain age gap across heterogeneous datasets

Ø Stratifying neurodegeneration with VNN-derived brain age gap

Ø Variants of VNNs

22
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Key takeaways

Ø VNNs offer a novel GSP-inspired perspective to brain age gap prediction

• addressing challenges and obscurities in neuroimaging data analysis

• introducing  transparency in brain age gap

  

Ø Principled deep learning solution for finite-data regimes

• stability and transferability ensure generalizability

• connections with PCA aid explainability

23
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Principled brain age gap prediction: 
Going beyond performance-driven approaches
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Brain age gap

Ø Individual rate of “aging” is different from chronological rate of aging

• Driven by environment, genetics, neurodegeneration

Ø Brain age provides an estimate of biological age, derived from neuroimaging
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Brain age gap 

Ø Individual rate of “aging” is different from chronological rate of aging

• Driven by environment, genetics, neurodegeneration

Ø Brain age provides an estimate of biological age, derived from neuroimaging

Ø The brain age gap is the deviation between brain age and chronological age

Brain age gap ∝	
individual risks for neurological, 
neuropsychiatric 
and neurodegenerative diseases
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Neurodegeneration (in terms of cortical atrophy)

27

Ø Neurodegeneration is accelerated decline of structure or function of the brain

Ø Cortical atrophy: reduction in cortical thickness/volume/area 

   (characteristic of healthy aging and disorders like Alzheimer’s disease (AD), 

    frontotemporal dementia (FTD), etc.)

Figure 2: Anatomic features and anatomic covariance matrix.

stratification in the spirit of this paper have relevance for precision medicine, as such advancements77

can lead to actionable insights quickly with relatively less time and resource consumption.78

The key contribution of this paper lies in providing a principled approach of leveraging reconstructed79

anatomic features derived from coVariance neural network (VNN)-driven (supervised) autoencoder80

to achieve better clinical stratification than that possible by standard anatomic features extracted from81

structural MRI. VNNs have recently been studied as graph neural networks (GNNs) operating on82

the sample covariance matrix graph, to advance the theoretical and empirical principles of statistical83

inference [29–34]; see supplementary material for a review of VNN models and their previous84

applications in neuroimaging data analysis and computational neuroscience.85

2 A VNN-driven approach to transforming anatomic features86

Preliminaries. The setups of the anatomic features and anatomic covariance matrix are illustrated87

in Fig. 2. In this paper, the anatomic features are derived from structural MRI, with each element88

representing a statistic (such as cortical thickness) associated with a distinct brain region. Moreover,89

the anatomical covariance matrix provides the graph representation of the inter-relationships between90

different anatomic features across the whole brain [35]. Anatomic features and anatomic covariance91

matrix hold significant relevance in computational neuroscience, where recent works on morphometric92

similarity networks have generalized the concept of anatomical covariance to include multiple93

modalities of information inherent within structural MRI [36] and demonstrated their relevance to94

identifying biomarkers [37].95

To set up the VNN-driven approach technically, consider a dataset consisting of n individuals, whose96

anatomic features are represented by m-dimensional vectors, such that, the vector of anatomic97

features for individual i is given by xi → Rm→1. The anatomic covariance matrix for this dataset is98

estimated as99

C ↭ 1

n↑ 1

n∑

i=1

(xi ↑ x̄)(xi ↑ x̄)T , (1)

where x̄ is the sample mean of anatomic features across the dataset. Similar to GNNs that leverage100

linear-shift-and-sum operators over matrix representation of a graph as graph filters [38–40], the101

convolution operation in a VNN is modeled by a coVariance filter, given by102

H(C) ↭
K∑

k=0

hkC
k , such that, output z = H(C)x for input x → Rm→1 (2)

The scalar parameters {hk}
K
k=0 are the filter taps that are learned from the data. Note that the103

application of coVariance filter preserves the shape of the input x at the output z.104

coVariance filters and PCA. The foundational works on VNNs have leveraged the eigendecom-105

position of the covariance matrix C to establish that coVariance filter is fundamentally similar to106

the well-known principal component analysis (PCA)-transform [29, 32]. Specifically, given the107

eigendecomposition C = V!V
T, where V is the matrix of eigenvectors of C and ! is a diagnonal108

matrix of eigenvalues {ωi}
m
i=1 ordered as ω1 ↓ ω2 · · · ↓ ωm, it can be readily checked that109

V
T
z = h(!)VT

x where h(!) =
K∑

k=0

hk!
k
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Various facets of the schematic brain age gap prediction 
workflow in Figure S2 are highlighted next. This workflow 
is motivated primarily by the hypothesis that a machine 
learning (ML) model pretrained to gauge healthy aging 
can detect accelerated aging (i.e., infer that brain age is 
greater than chronological age).

Data curation
The training set for the ML model consists of the chronolog-
ical age and the features that are derived from the structur-
al magnetic resonance imaging (MRI) scans of a cohort of 
healthy individuals. The MRI scans may be preprocessed 
via image processing pipelines (such as FreeSurfer [3] and 
CAT12 [S3]) to extract meaningful features predictive of 
aging (for example, brain volume or thickness at each 
voxel). Moreover, the extracted features may be organized 
anatomically according to a preselected brain atlas [S2]. 
Some of the ML pipelines that are directly operated on the 
raw MRI scans are discussed in [S4]. <AU: Please check 
whether the preceding edited sentence conveys the intend-
ed meaning.>

Training the ML model as a regression model
The features extracted from structural MRI are used as pre-
dictors in a regression model that is trained to predict the 
chronological age of the healthy population. This pre-
trained model provides an estimate yt  for an individual 
with chronological age y. The regression model is selected 
from the class of ML approaches that is suitable for multi-
variate data analyses, such as support vector regression, 
principal component analysis (PCA)-based regression, 
GNNs, or convolutional neural networks (CNNs). The loss 
function penalizes the deviation (e.g., mean-squared error) 
between the predicted outcome yt  and the chronological 
age .y  <AU: Please check whether the preceding edited 
sentence conveys the intended meaning.>

Age-bias correction
The predictions generated by the regression model for the 
healthy population are further evaluated for age bias, 
which may arise when the correlation between predicted 
age and chronological age is markedly smaller than one. 
In this scenario, the age of younger individuals may be 

How Is Brain Age Gap Evaluated?

FIGURE S2. Schematic of brain age gap prediction using ML. (a) Setting up the workflow for estimating brain age: training a regression model and 
debiasing its outputs. Neuroimaging data, formed by T1-weighted structural MRI scans from a set of healthy individuals, are labeled with their 
respective chronological age. Preprocessing pipelines using standard tools, such as FreeSurfer, may be applied to extract relevant features from 
the MRI scan. A regression model is trained using the extracted features or the raw MRI scans, as preferred. The outputs of the ML model are then 
corrected for any age biases using an appropriate statistical correction procedure. Note that the age-bias correction is applied after training the 
regression model. The age-bias corrected outputs form the estimate of the brain age. 1) Labeled data from the HC. 2) Brain age versus chronologi-
cal age. (b) Deployment for brain age gap prediction. 3) The trained ML model and its associated age-bias correction module can then be deployed 
to predict brain age using neuroimaging data preprocessed from a new dataset. 4) The brain age gap is obtained as the difference between the 
predicted brain age and the chronological age. <AU: Please check that the !gure is labeled correctly. Kindly spell out +ve.>
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Ø Data sample corresponds to measurement associated with 

    brain (cortical) surface

Ø Brain surface is divided according to brain atlases

             datasets may have distinct dimensionalities

Ø Multi-resolution brain atlas discretizes brain surface at multiple resolutions 

     (for e.g., Schaefer’s atlas has resolutions 100-1000)

Neuroimaging Data: Basics
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Figure 2: Anatomic features and anatomic covariance matrix.

stratification in the spirit of this paper have relevance for precision medicine, as such advancements77

can lead to actionable insights quickly with relatively less time and resource consumption.78

The key contribution of this paper lies in providing a principled approach of leveraging reconstructed79

anatomic features derived from coVariance neural network (VNN)-driven (supervised) autoencoder80

to achieve better clinical stratification than that possible by standard anatomic features extracted from81

structural MRI. VNNs have recently been studied as graph neural networks (GNNs) operating on82

the sample covariance matrix graph, to advance the theoretical and empirical principles of statistical83

inference [29–34]; see supplementary material for a review of VNN models and their previous84

applications in neuroimaging data analysis and computational neuroscience.85

2 A VNN-driven approach to transforming anatomic features86

Preliminaries. The setups of the anatomic features and anatomic covariance matrix are illustrated87

in Fig. 2. In this paper, the anatomic features are derived from structural MRI, with each element88

representing a statistic (such as cortical thickness) associated with a distinct brain region. Moreover,89

the anatomical covariance matrix provides the graph representation of the inter-relationships between90

different anatomic features across the whole brain [35]. Anatomic features and anatomic covariance91

matrix hold significant relevance in computational neuroscience, where recent works on morphometric92

similarity networks have generalized the concept of anatomical covariance to include multiple93

modalities of information inherent within structural MRI [36] and demonstrated their relevance to94

identifying biomarkers [37].95

To set up the VNN-driven approach technically, consider a dataset consisting of n individuals, whose96

anatomic features are represented by m-dimensional vectors, such that, the vector of anatomic97

features for individual i is given by xi → Rm→1. The anatomic covariance matrix for this dataset is98

estimated as99

C ↭ 1

n↑ 1

n∑

i=1

(xi ↑ x̄)(xi ↑ x̄)T , (1)

where x̄ is the sample mean of anatomic features across the dataset. Similar to GNNs that leverage100

linear-shift-and-sum operators over matrix representation of a graph as graph filters [38–40], the101

convolution operation in a VNN is modeled by a coVariance filter, given by102

H(C) ↭
K∑

k=0

hkC
k , such that, output z = H(C)x for input x → Rm→1 (2)

The scalar parameters {hk}
K
k=0 are the filter taps that are learned from the data. Note that the103

application of coVariance filter preserves the shape of the input x at the output z.104

coVariance filters and PCA. The foundational works on VNNs have leveraged the eigendecom-105

position of the covariance matrix C to establish that coVariance filter is fundamentally similar to106

the well-known principal component analysis (PCA)-transform [29, 32]. Specifically, given the107

eigendecomposition C = V!V
T, where V is the matrix of eigenvectors of C and ! is a diagnonal108

matrix of eigenvalues {ωi}
m
i=1 ordered as ω1 ↓ ω2 · · · ↓ ωm, it can be readily checked that109

V
T
z = h(!)VT

x where h(!) =
K∑

k=0

hk!
k

3
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Case study (Neurodegeneration)
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(Continued )

In this case study, we leverage the 
dataset from the Alzheimer’s 
Disease Neuroimaging Initiative 
study [S1] <AU: Please note that 
sidebars are placed in order of 
text citation. The reference (and its 
citations) have been renumbered 
accordingly.> to demonstrate corti-
cal atrophy in Alzheimer’s disease 
(AD). This dataset consisted of 
three cohorts: 1) 206 healthy indi-
viduals [(healthy cohort (HC); 
age . .73 87 6 39!=  years, 110 
females], 2) 372 individuals diag-
nosed with mild cognitive impair-
ment (MCI; <AU: Kindly spell 
out MCI.> age= . .72 26 7 61!  
years, 160 females), and 3) 118 
individuals diagnosed with AD 
(age= . .73 84 7 56!  years, 56 
females). MCI diagnosis repre-
sents an early stage of loss of cog-
nitive ability and is a precursor to 
AD. For each individual, 68 corti-
cal thickness features were avail-
able. These features are publicly 
available at https://adni.loni.usc.
edu/ and had been derived by 
processing T1-weighted structural 
MRI scans via FreeSurfer software 
[3]. The cortical thickness features 
were curated according to the 
Desikan–Killiany brain atlas [S2].

Figure S1 <AU: Please note that 
sidebars are placed in order of text 
citation. The figure (and its citations) 
have been renumbered accordingly.> summarizes the charac-
terization of neurodegeneration via brain atrophy as deter-
mined by cortical thickness features. Figure S1(a) illustrates  
the distributions of mean cortical metrics (across the whole 
brain) for the HC, MCI, and AD cohorts. With the reduction in 
mean cortical thickness representing brain atrophy, it is appar-
ent that the AD group exhibited higher brain atrophy than the 
HC group, with the MCI group falling in between them. 
Moreover, mean cortical thickness metrics for all groups exhib-
ited negative linear relationships with age [Figure S1(b)], sug-
gesting that neurodegeneration was a characteristic of aging 
across all groups. Figure S1(c) and (d) provide the anatomic 
characterizations of brain atrophy in terms of cortical thickness 
features in MCI and AD groups. The MCI group exhibited sta-
tistically significant reduction in cortical thickness relative to 
HC group [ANCOVA (analysis of covariance) with age as 

covariate and a p  value after Bonferroni correction of less 
than 0.05] in the bilateral medial temporal lobe and temporo-
parietal junction regions. A similar analysis revealed more 
prominent brain atrophy across a majority of brain regions in 
AD relative to the HC in Figure S1(d), with the most prominent 
regions of atrophy including the bilateral entorhinal and the 
medial temporal lobe. The contrast in the effect sizes of brain 
atrophy for the MCI group in Figure S1(c) and the AD group 
in Figure S1(d) is reasonable as the MCI diagnosis is typically 
a precursor of AD diagnosis.

References
[S1] B. T. Wyman et al., “Standardization of analysis sets for reporting 
results from ADNI MRI data,” Alzheimer’s Dementia, vol. 9, no. 3, pp. 
332–337, 2013, doi: 10.1016/j.jalz.2012.06.004.
[S2] R. S. Desikan et al., “An automated labeling system for subdividing the human 
cerebral cortex on MRI scans into gyral based regions of interest,” NeuroImage, 
vol. 31, no. 3, pp. 968–980, 2006, doi: 10.1016/j.neuroimage.2006.01.021.

Case Study 1: Cortical Atrophy Characterizes Neurodegeneration in Alzheimer’s Disease
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FIGURE S1. (a) Distributions of mean cortical thickness across the 68 cortical regions in HC, MCI, and 
AD cohorts. (b) Scatterplot between the mean cortical thickness and age for the HC, MCI, and AD 
cohorts. The lines that represent the linear fit for individual cohorts are also shown. (c) Brain atrophy 
as derived from cortical thickness in the MCI cohort relative to the HC cohort. (d) Brain atrophy as 
derived from cortical thickness in the AD cohort relative to the HC cohort. In (c) and (d), the F values 
associated with statistically significant group differences in cortical thickness between MCI or AD 
groups and the HC group as given by ANCOVA (analysis of covariance) with age as covariate (p value 
after Bonferroni correction less than 0.05) have been projected on the brain surface.

Ø Data: cortical thickness from 3 cohorts
• HC (healthy)
• MCI (Mild cognitive impairment)
• AD (Alzheimer’s disease)

Ø Larger cortical atrophy is feature of AD

Ø MCI is precursor to AD 
                shows intermediate cortical 
                atrophy between HC and AD

Ø Aging also leads to cortical atrophy 
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Ø Covariance matrix is a data-driven graph
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Figure 2: Anatomic features and anatomic covariance matrix.

stratification in the spirit of this paper have relevance for precision medicine, as such advancements77

can lead to actionable insights quickly with relatively less time and resource consumption.78

The key contribution of this paper lies in providing a principled approach of leveraging reconstructed79

anatomic features derived from coVariance neural network (VNN)-driven (supervised) autoencoder80

to achieve better clinical stratification than that possible by standard anatomic features extracted from81

structural MRI. VNNs have recently been studied as graph neural networks (GNNs) operating on82

the sample covariance matrix graph, to advance the theoretical and empirical principles of statistical83

inference [29–34]; see supplementary material for a review of VNN models and their previous84

applications in neuroimaging data analysis and computational neuroscience.85

2 A VNN-driven approach to transforming anatomic features86

Preliminaries. The setups of the anatomic features and anatomic covariance matrix are illustrated87

in Fig. 2. In this paper, the anatomic features are derived from structural MRI, with each element88

representing a statistic (such as cortical thickness) associated with a distinct brain region. Moreover,89

the anatomical covariance matrix provides the graph representation of the inter-relationships between90

different anatomic features across the whole brain [35]. Anatomic features and anatomic covariance91

matrix hold significant relevance in computational neuroscience, where recent works on morphometric92

similarity networks have generalized the concept of anatomical covariance to include multiple93

modalities of information inherent within structural MRI [36] and demonstrated their relevance to94

identifying biomarkers [37].95

To set up the VNN-driven approach technically, consider a dataset consisting of n individuals, whose96

anatomic features are represented by m-dimensional vectors, such that, the vector of anatomic97

features for individual i is given by xi → Rm→1. The anatomic covariance matrix for this dataset is98

estimated as99

C ↭ 1

n↑ 1

n∑

i=1

(xi ↑ x̄)(xi ↑ x̄)T , (1)

where x̄ is the sample mean of anatomic features across the dataset. Similar to GNNs that leverage100

linear-shift-and-sum operators over matrix representation of a graph as graph filters [38–40], the101

convolution operation in a VNN is modeled by a coVariance filter, given by102

H(C) ↭
K∑

k=0

hkC
k , such that, output z = H(C)x for input x → Rm→1 (2)

The scalar parameters {hk}
K
k=0 are the filter taps that are learned from the data. Note that the103

application of coVariance filter preserves the shape of the input x at the output z.104

coVariance filters and PCA. The foundational works on VNNs have leveraged the eigendecom-105

position of the covariance matrix C to establish that coVariance filter is fundamentally similar to106

the well-known principal component analysis (PCA)-transform [29, 32]. Specifically, given the107

eigendecomposition C = V!V
T, where V is the matrix of eigenvectors of C and ! is a diagnonal108

matrix of eigenvalues {ωi}
m
i=1 ordered as ω1 ↓ ω2 · · · ↓ ωm, it can be readily checked that109

V
T
z = h(!)VT

x where h(!) =
K∑

k=0

hk!
k

3

Covariance matrix as a fully-connected graph
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Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T, where µ̂ =
1

n

n∑

i=1
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Anatomical covariance matrix
(estimated from cortical features)

Anatomical covariance matrix as a graph
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Brain age gap prediction using ML
Step 1. Train ML model to predict chronological age for healthy controls from cortical thickness features
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Brain age gap prediction using ML

Step 2. Linear regression-based age-bias correct for outputs of ML model

Step 1. Train ML model to predict chronological age for healthy controls from cortical thickness features

True age

perfect fit 
line

Least squares line
obtained on outputs of 

ML model

ML Model

Data from 
all cohorts

Age-bias 
correction

Brain age gap = 
Bias-corrected ML model 

output – True age
ML Model

Neuroimaging data from 
healthy population

Step 3. Obtain brain age gap for healthy controls and individuals with neurodegenerative condition.
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Brain age gap prediction is a transfer learning problem
Ø Train ML model to predict age on a large dataset (healthy population)

Ø Apply the pre-trained ML model on a target dataset (neurodegeneration) 

Ø Brain age gap is the residual of the model

Neuroimaging data from 
healthy population predicted ageML Model

Data from 
all cohorts ML Model

Pre-training
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Brain age gap prediction is a transfer learning problem

Ø Some observations about a meaningful brain age gap

• We expect model performance to degrade in target population 

ü Degradation in performance (residuals) must be in a specific direction

ü Degradation in performance (residuals) ∝ disease severity/status

Data from 
all cohorts ML Model
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Choice of learning parametrization

Ø Choice of ML model dictates how data are leveraged to gauge brain age gap

Ø Prevalent approaches focus on achieving perfect pre-training performance

• Performance-driven approaches (dominated by deep learning)

Ø Performance-driven approaches do not guarantee `meaningful’ brain age gap

Data from 
all cohorts ML Model
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Choice of learning parametrization
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Adoption of principles 1–4 in brain age gap prediction will 
fundamentally shift the primary focus to age-T  prediction as a 
biomarker, rather than being a by-product of age prediction in 
performance-driven approaches.

Our discussion in “Adding Mathematical Depth to Brain 
Age Gap Prediction” summarized the desirable mathemati-
cal principles behind brain age gap prediction to improve 

its practical viability. Traditional ML methods or the preva-
lent deep learning models adhere to some but not all of the 
aforementioned principles. For instance, a PCA-regression 
model could address the requirements of principle 2 via a 
transparent evaluation of ,age-T  but at the same time, such 
a model may suffer from instability [32]. At the other end 
of the spectrum, deep learning models can offer improved 
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FIGURE 1. Performance-driven approaches to T-age prediction prioritize a near-perfect fit on the chronological age of the HC, yet they lack the conceptual 
or statistical justifications to ensure the relevance of inferred T-age as a biomarker for neurodegeneration.

It is unlikely that the conceptual gap in performance-driven 
approaches regarding the statistical dependency between 
the accuracy of the model during training on healthy individ-
uals and T-age as a biomarker for neurodegeneration can 
be bridged with experiments alone. Therefore, the develop-
ment of relevant mathematical principles is critical for a via-
ble and generalizable practical methodology. To this end, 
we identify the following four mathematical principles:
1) Principle 1—Focusing on T-age as a residual of regres-

sion tasks. The residuals of the regression models in-
form the T-age estimates when the machine learning 
(ML) model is deployed to predict chronological age 
for individuals with adverse health conditions. Hence, 
it is paramount to focus on the structure and statistics of 
the residuals of the age prediction model, rather than 
the age prediction task itself, to validate the viability of 
T-age as a biomarker.

2) Principle 2—Shift the focus to a qualitative evaluation of 
ML models trained on the healthy population. It is key to 
go beyond the performance on the chronological age 
prediction task and instead focus on a holistic character-
ization of the representations that the ML model learns 
when exposed to data from the healthy population.

3) Principle 3—Transference of pretrained age prediction 
models to neurodegenerative cohorts for constructing D
-age as a biomarker. In principle, predicting D -age in 

neurodegenerative cohorts can be perceived as an un-
supervised transfer learning problem, where we expect 
a degradation in performance. This problem is unsuper-
vised because the expected amount of drift in model 
performance is unknown (i.e., there is no ground truth for 
brain age in neurodegenerative cohorts). It would be de-
sirable to identify the specific deviations in the informa-
tion processing pipeline itself, which are the contributors 
to the elevated T-age observed in neurodegeneration.

4) Principle 4—Generalizability beyond specific dimen-
sionality of the data. Due to the existence of different 
brain atlases, the neuroimaging datasets that charac-
terize the same population can have arbitrary dimen-
sionalities in independently conducted studies [S7]. This 
creates a challenge for reproducibility of findings as 
the prevalent performance-driven approaches in both 
traditional ML and deep learning are limited within the 
dimensionality of the dataset on which they have been 
trained. To address this challenge, we need mathemati-
cal principles that govern the reproducibility of findings 
derived using an ML model across datasets of different 
dimensionalities, without being retrained from scratch.

Reference
[S7] T. A. Woolsey, J. Hanaway, and M. H. Gado, The Brain Atlas: A 
Visual Guide to the Human Central Nervous System. Hoboken, NJ, USA: 
Wiley, 2017.

Adding Mathematical Depth to Brain Age Gap Prediction

Ø Neural networks are prevalent in performance-driven approaches

Ø A Neural Network may not be interpretable and prone to overfitting

methodological obscurity in brain age gap prediction pipeline
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Choice of learning parametrization
Ø Neural networks are prevalent in performance-driven approaches

Ø A Neural Network may not be interpretable and prone to overfitting

methodological obscurity in brain age gap prediction pipeline

[a] Jirsaraie, Robert J., et al. "A systematic review of multimodal brain age studies: 

Uncovering a divergence between model accuracy and utility." Patterns 4.4 (2023).

Performance in pre-training does not dictate meaningful residuals 
in target population [a]
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A principled approach to brain age gap prediction

Ø Focus on residuals of the ML model, not prediction performance

Ø Qualitative evaluation during pre-training

what does the model learn during pre-training on healthy population?

Ø Interpretability/explainability: 

what’s driving elevated brain age gap (residuals) in neurodegeneration?

Ø Generalizability to diverse target populations
Sihag et al., 2025 (IEEE SPM)
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Learning approaches over covariance matrices

39

Figure 2: Anatomic features and anatomic covariance matrix.

stratification in the spirit of this paper have relevance for precision medicine, as such advancements77

can lead to actionable insights quickly with relatively less time and resource consumption.78

The key contribution of this paper lies in providing a principled approach of leveraging reconstructed79

anatomic features derived from coVariance neural network (VNN)-driven (supervised) autoencoder80

to achieve better clinical stratification than that possible by standard anatomic features extracted from81

structural MRI. VNNs have recently been studied as graph neural networks (GNNs) operating on82

the sample covariance matrix graph, to advance the theoretical and empirical principles of statistical83

inference [29–34]; see supplementary material for a review of VNN models and their previous84

applications in neuroimaging data analysis and computational neuroscience.85

2 A VNN-driven approach to transforming anatomic features86

Preliminaries. The setups of the anatomic features and anatomic covariance matrix are illustrated87

in Fig. 2. In this paper, the anatomic features are derived from structural MRI, with each element88

representing a statistic (such as cortical thickness) associated with a distinct brain region. Moreover,89

the anatomical covariance matrix provides the graph representation of the inter-relationships between90

different anatomic features across the whole brain [35]. Anatomic features and anatomic covariance91

matrix hold significant relevance in computational neuroscience, where recent works on morphometric92

similarity networks have generalized the concept of anatomical covariance to include multiple93

modalities of information inherent within structural MRI [36] and demonstrated their relevance to94

identifying biomarkers [37].95

To set up the VNN-driven approach technically, consider a dataset consisting of n individuals, whose96

anatomic features are represented by m-dimensional vectors, such that, the vector of anatomic97

features for individual i is given by xi → Rm→1. The anatomic covariance matrix for this dataset is98

estimated as99

C ↭ 1

n↑ 1

n∑

i=1

(xi ↑ x̄)(xi ↑ x̄)T , (1)

where x̄ is the sample mean of anatomic features across the dataset. Similar to GNNs that leverage100

linear-shift-and-sum operators over matrix representation of a graph as graph filters [38–40], the101

convolution operation in a VNN is modeled by a coVariance filter, given by102

H(C) ↭
K∑

k=0

hkC
k , such that, output z = H(C)x for input x → Rm→1 (2)

The scalar parameters {hk}
K
k=0 are the filter taps that are learned from the data. Note that the103

application of coVariance filter preserves the shape of the input x at the output z.104

coVariance filters and PCA. The foundational works on VNNs have leveraged the eigendecom-105

position of the covariance matrix C to establish that coVariance filter is fundamentally similar to106

the well-known principal component analysis (PCA)-transform [29, 32]. Specifically, given the107

eigendecomposition C = V!V
T, where V is the matrix of eigenvectors of C and ! is a diagnonal108

matrix of eigenvalues {ωi}
m
i=1 ordered as ω1 ↓ ω2 · · · ↓ ωm, it can be readily checked that109

V
T
z = h(!)VT

x where h(!) =
K∑

k=0

hk!
k

3

Ø Covariance matrices appear commonly in network neuroscience

Ø Inference over covariance matrices in network neuroscience

• Traditional statistical approaches (for e.g., PCA)
o Interpretable, suitable for low data regimes

• Deep learning approaches (for e.g., GNNs)
o Enhanced expressivity, improved performance

3/53

Learning with covariances
Capture latent relationships between data points

↭ Data usually contains hidden interconnections
→ Some areas in the brain activate together
→ The value of some stocks over time might vary similarly
→ The tra!c level at di"erent intersections is related

↭ One way to capture these relations is through the covariance matrix
→ Consider a RV x ↑ RN

→ The covariance is C = E[(x↓ µ)(x↓ µ)T], where µ = E[x]
→ In practice, we work on estimates µ̂ =

∑t
t→=1 xt→/t and Ĉ =

∑t
t→=1(xt→ ↓ µ̂)(xt→ ↓ µ̂)T/t

Brain Financial Tra!c
Anatomical covariance matrix Functional connectome
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VNNs provide an anatomically interpretable and explainable brain age gap

VNNCortical 
thickness 

Age-bias 
correction

Brain age gap = 
Bias-corrected VNN 

output – True age
Σ
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VNNs provide an anatomically interpretable and explainable brain age gap

Regional 
Residual

VNNCortical 
thickness 

Age-bias 
correction

Brain age gap = 
Bias-corrected VNN 

output – True age
Σ
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Anatomical interpretability: Contributing regions to elevated brain age 
gap in neurodegeneration
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VNNs provide an anatomically interpretable and explainable brain age gap
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Bias-corrected VNN 

output – True age
Σ
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HC

Anatomical interpretability: Contributing regions to elevated brain age 
gap in neurodegeneration

NIFD, and PPMI datasets, and the associated results for APD
and FTD disease groups are illustrated in Fig. 3b and Fig. 3c,
respectively. The HC group for 4RTNI and NIFD datasets
was the same and had !-Age = 0 ± 2.33 years. The !-Age
for FTD disease group was 6.17± 4.55 years and that for the
APD group was 2.49±3.09 years, suggesting that FTD group
exhibited more significant accelerated aging. The !-Age in
FTD group was characterized by superior frontal region in
the left hemisphere, bilateral entorhinal, parahippocampal,
and superior temporal regions, and relatively less prominent
contributions from bilateral precentral regions, which are part
of the motor cortex. FTD is characterized by neurodegener-
ation in the regions in frontal and temporal lobes [27], and
hence, the anatomic characterization in Fig. 3c captures their
impact in the form of elevated !-Age. The !-Age in APD
group was characterized by brain regions comprising bilat-
eral superior temporal, precentral, and occipital lobes. The
CBS and PSP pathologies in APD group exhibit symptoms
similar to PD in terms of motor dysfunction, but are also char-
acterized by cognitive dysfunction and typically rapid decline
in function relative to PD [28]. Hence, the implication of
regions in the motor cortex and occipital lobe in Fig. 3b is
relevant to the disease characteristic in APD. Interestingly,
unlike the other disease groups, no significant difference in
!-Age was observed in the PD group relative to its respective
HC group (Fig. 4).

Explainability of !-Age. Next, we analyzed the inner prod-
ucts between the regional residuals derived from the represen-
tations learned by VNNs and the eigenvectors of the anatomi-
cal covariance matrix. The eigenvectors of the anatomical co-
variance matrix were organized from 0 to 67, with the eigen-
vector 0 associated with the largest eigenvalue and the 67-
th eigenvector associated with the smallest eigenvalue. The
inner product metrics were significantly different (ANOVA,
p-value < 0.0001) between the AD group and HC groups
for the eigenvectors 0, 1, 2, and 6 of the anatomical covari-
ance matrix (Fig. 5a). Thus, the VNN model processed the
cortical thickness features for AD group significantly differ-
ent relative to the HC group leading to distinct distributions
in !-Age in Fig. 3a, and these differences were dictated by
variations in how the VNN exploited the eigenvectors of the
anatomical covariance matrix for AD and HC groups.

Similar results were obtained for the FTD cohort, where
the most significant group differences in the inner prod-
uct measures were observed for eigenvectors 0, 1, 4, and 5
(Fig. 5b). Thus, the variations in how the VNN exploited the
eigenvectors of the anatomical covariance matrix for FTD
and HC groups explained the variations in !-Age in Fig. 3c.
Notably, the inner product measures were significantly differ-
ent between the APD and HC groups only for eigenvector 8,
which explains the relatively smaller elevation in !-Age in
the APD group relative to FTD or AD groups in Fig. 3.

Fig. 4. !-Age for PD and respective HC group.

Fig. 5. Explaining !-Age in disease groups ((a) AD and (b)
FTD) in terms of the group differences between inner prod-
ucts of VNN representations and eigenvectors of anatomical
covariance matrices. (→→→→ : p-value → 1 exp↑4)

5. DISCUSSION

The results in Fig. 3 illustrate that the distributions of !-Age
estimates can be substantially overlapping across different
diseases. Hence, !-Age, by itself, is not a sufficient indi-
cator to characterize a disease. In this context, the anatomic
characterization of !-Age offered by VNN embellishes its
informative aspect about neurodegeneration. Notably, the
anatomic characterizations of !-Age for AD, FTD, and ATP
disease groups were unique and characteristic of the respec-
tive diseases.
Comparison with existing literature. Existing studies in
this domain are focused primarily on brain age prediction,
which is to be contrasted with this paper’s focus on !-Age
prediction. Moreover, existing studies utilize the state-of-
the-art post-hoc, model-agnostic methods, such as, SHAP,
LIME [29], saliency maps [30], and layer-wise relevance
propagation [31] to explain the brain age predictions. These
methods add anatomical interpretability to brain age esti-
mates by assigning some importance to the input features
(often associated with specific anatomic regions). Unlike
these approaches, we leverage the inherent explainability
of the VNN model and our results bring into focus the the
properties that a VNN gains when it is exposed to the infor-
mation provided by chronological age of healthy controls and
whether and how these properties translate to a meaningful
!-Age estimate.

Mechanical explanation:
How were principal 
components exploited 
differently?
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VNNs are well suited for neuroimaging data analysis

43

Ø Properties of VNNs make them appealing for neuroimaging data analysis

• Connections with PCA

• Stability            reproducible outcomes in limited data settings 

• Transferability

transparent outcomes by leveraging spectrum of 
covariance matrix 

enhanced generalizability and robustness to choice 
of brain atlases
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Advantages of Principled Approach: Stability

VNN: coVariance Neural Network    

PCA-LR: PCA-regression with linear kernel     

PCA-rbf: PCA regression with rbf kernel

Ø Regression task

Ø Comparison against PCA-regression
      Data: cortical thickness dataset (𝑚 = 104) from (𝑛 = 341) human subjects 

Ø Metric: MAE (mean absolute error)

VNN
Cortical thickness

data 
Estimate of age 

VNN outperforms PCA and is more stable 
[Sihag et al., 2022]
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Ø Participants from OASIS-3 dataset, 148 cortical thickness features per individual           
                                                                                                                             (Distrieux brain atlas) 

HC AD
Number 611 194

Age 68.38 (7.62) 74.72 (7.02)

Sex (m/f) 260/351 100/94
CDR sum of boxes 0 3.45 (1.74)

CDR: Clinical dementia rating

Ø Brain age gap is elevated in AD group and correlated with CDR sum of boxes

Anatomical interpretability

HC group: cognitively normal
AD group: AD diagnosis

Advantages of Principled Approach: Interpretability
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Objective: Brain age gap prediction in HC (healthy) and AD+ (Alzheimer’s) cohorts from  
                    VNNs trained on 100-feature dataset

• ROIs contributing to elevated 
brain age gap in AD+ across 
different resolutions

300 parcels 500 parcels100 parcels

• Brain age gap is elevated in 
AD+ w.r.t HC cohort in 100-
feature dataset

• Results on brain age gap 
retained after transferring 
VNN to 300 and 500-feature 
datasets

FTDC300 FTDC500FTDC100*

Advantages of Principled Approach: Transference
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PCA and Graph Fourier Transform
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A graph filter implementation of PCA inference
Ø To show: PCA-based inference can be implemented with a polynomial over 

48

PCA
transform

Input 
data 

Learning 
model 

Output
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A graph filter implementation of PCA inference
Ø To show: PCA-based inference can be implemented with a polynomial over 

Ø How: Follows from the graph Fourier transform analysis of 

Ø Implications: 

• Alternative implementation of PCA-based inference using polynomial over 

• But more importantly, polynomial implementation is stable, transferable
49
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Graph signal processing

I Graph SP: broaden classical SP to graph signals [Shuman et al.’13]

) Our view: GSP well suited to study network (di↵usion) processes

2

3

1

4

5

x1

x2

x3

x4

x5

I As.: Signal properties related to topology of G (locality, smoothness)

) Algorithms that fruitfully leverage this relational structure

I Q: Why do we expect the graph structure to be useful in processing x?

Marques, Mateos, Ribeiro, Segarra Graph SP: Fundamentals and Applications 6 / 123

Preliminaries: Graph

Ø Graph: a triplet 𝑉, 𝐸,𝑊  

• A set of nodes 𝑉 = 1,… ,𝑚

• A set of (undirected) edges 𝐸 ⊆ 𝑉×𝑉	

      Edge between node 𝑖 and 𝑗 denoted by (𝑖, 𝑗)

• An edge function 𝑊:𝐸 ↦ ℝ that maps edge 𝑖, 𝑗 to weight 𝑤!" ∈ ℝ 

50
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Graph signal processing

I Graph SP: broaden classical SP to graph signals [Shuman et al.’13]
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Marques, Mateos, Ribeiro, Segarra Graph SP: Fundamentals and Applications 6 / 123
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[A]ij =

{
wij , if (i, j) → E,

0, otherwise

Preliminaries: Graph

Ø Graph: a triplet 𝑉, 𝐸,𝑊  

• A set of nodes 𝑉 = 1,… ,𝑚

• A set of (undirected) edges 𝐸 ⊆ 𝑉×𝑉	

      Edge between node 𝑖 and 𝑗 denoted by (𝑖, 𝑗)

• An edge function 𝑊:𝐸 ↦ ℝ that maps edge 𝑖, 𝑗 to weight 𝑤!" ∈ ℝ 

Ø Adjacency matrix representation of graph
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Graph signal processing

I Graph SP: broaden classical SP to graph signals [Shuman et al.’13]

) Our view: GSP well suited to study network (di↵usion) processes
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I As.: Signal properties related to topology of G (locality, smoothness)

) Algorithms that fruitfully leverage this relational structure

I Q: Why do we expect the graph structure to be useful in processing x?

Marques, Mateos, Ribeiro, Segarra Graph SP: Fundamentals and Applications 6 / 123

Preliminaries: Graph signal

Ø Graph signals are mappings 𝑥: 𝑉 ↦ ℝ
             graph signal is defined on the vertices of the graph

Ø Graph signal can be represented as a vector 𝐱 ∈ ℝ#
             𝑥!  denotes the graph signal at 𝑖-th vertex in 𝑉	
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Graph signals

I Consider graph G = (V, E ,W ). Graph signals are mappings x : V ! R
) Defined on the vertices of the graph (data tied to nodes)

Ex: Opinion profile, bu↵er congestion levels, neural activity, epidemic

I May be represented as a vector x 2 RN

) xn denotes the signal value at the n-th vertex in V
) Implicit ordering of vertices (same as in A or L)

0

1

2 3

4

5

6

7 8

9
x =

2

666664

x0

x1

x2
...
x9

3

777775
=

2

666664

0.6
0.7
0.3
...
0.7

3

777775

I Data associated with links of G ) Use line graph of G

Marques, Mateos, Ribeiro, Segarra Graph SP: Fundamentals and Applications 16 / 123

[Shuman, 2013]
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Graph-shift operator

I To understand and analyze x, useful to account for G ’s structure

I Associated with G is the graph-shift operator S 2 RN⇥N

) Sij = 0 for i 6= j and (i , j) 62 E (captures local structure in G )

I S can take nonzero values in the edges of G or in its diagonal

I Ex: Adjacency A, degree D, and Laplacian L = D� A matrices

Marques, Mateos, Ribeiro, Segarra Graph SP: Fundamentals and Applications 18 / 123

Preliminaries: Graph shift operator (GSO)

Ø To understand and analyze graph signal 𝐱, GSP accounts for the graph structure

Ø Graph structure is encoded in a graph shift operator 𝐒 ∈ ℝ#×#

𝐒 %& = 0	for 𝑖 ≠ 𝑗 and 𝑖, 𝑗 ∉ 𝐸 (𝐒 captures local graph structure)

Ø Examples: adjacency matrix, Laplacian

      Covariance matrix is a data-driven adjacency matrix
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Preliminaries: Graph Fourier Transform (GFT)

Ø Generically, eigendecomposition of GSO 𝐒 = 𝐔𝚽𝐔'𝟏

Ø GFT is the projection of graph signal on the eigenvector space 𝐔

@𝐱 = 𝐔'𝟏𝐱

Ø Inverse GFT is defined as

𝐱 = 𝐔	@𝐱

              Eigenvectors 𝐔 = [𝒖), … , 𝒖# 	] are the frequency bases

54



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications

When GSO is covariance matrix…
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Ø GFT over covariance matrix

    Given eigendecomposition

    GFT of 𝐱	is
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Ĉ = V̂!̂V̂T
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PCA transform is GFT with 
respect to the covariance graph!

When GSO is covariance matrix…
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Ø PCA transform

    Projection of sample 𝐱	on 
    principal components of 
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PCA transform: x̃ = V̂Tx

Ø GFT over covariance matrix

    Given eigendecomposition

    GFT of 𝐱	is
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Preliminaries: Graph filter

57

Ø Graph filter 𝐇 maps graph signal 𝐱 to another graph signal 𝐳 via linear-shift-
and-sum operation

𝐳 = 𝐇 𝐒 𝐱,
where	𝐇 ≔ ℎ*𝐒* + ℎ)𝐒) + ℎ+𝐒+ +⋯+ ℎ,𝐒𝑲 =	
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K∑

k=0

hkS
kISUFI et al.: GRAPH FILTERS FOR SP AND ML ON GRAPHS 4749

Fig. 2. The graph convolutional filter as a shift register. Highlighted are the nodes that reach node 1 on each consecutive shift; that is, the nodes j whose
signal value xj contributes to [Skx]i. The resulting summary of each communication Skx is correspondingly weighted by a filter parameter hk . For each
k, the parameter hk is the same for all nodes. In this example, S= Ln and H(S) = 1L0

n − 1.5L1
n + 1L2

n − 0.25L3
n is a lowpass filter that smooths the

input signal.

III. GRAPH CONVOLUTIONAL FILTERS

The convolution is a key operation in SP as it helps to de-
fine filtering operations and to understand linear, time-invariant
systems. In ML, convolutional filters are the building block
of CNNs, and their computational efficiency and parameter-
sharing property tackle the curse of dimensionality. Convo-
lutions also leverage the symmetries in the domain (such as
translations in space) and allow for a degree of mathematical
tractability with respect to domain perturbation [50]. We present
here a now standard generalization of the convolutional filter
to the graph domain, with the goal of inheriting the above
properties. Then, in Sec. IV we analyze the filter behavior in
the graph spectral domain, akin to the Fourier analysis for
temporal filters, and in Sec. V we discuss strategies to design the
filter parameters.

A. Definition

A convolutional filter is a shift-and-sum operation of the
input signal [51]. While a shift in time implies a delay,
a graph signal shift requires taking into account the topo-
logical structure.

Graph signal shift. A graph signal shift is a linear trans-
formation S : XV → XV obtained from applying a GSO S
to a signal x, i.e. S(x) = Sx. The shifted signal at node i
is computed as

[Sx]i =
N∑

j=1

[S]ijx=
∑

j∈N in
i ∪{i}

sijxj , (2)

which is a local linear combination of the signal values at
neighboring nodes.

If the GSO is the adjacency matrix A, the shifted signal
represents a one-step propagation. Instead, if the GSO is the
graph Laplacian L, the shifted signal is a weighted difference of
the signals at neighboring nodes [Lx]i =

∑
j∈Ni

aij(xi − xj).

Graph convolutional filter. Given a set of parameters
h= [h0, . . . , hK ]#, a graph convolutional filter of order
K is a linear mapping H : XV → XV comprising a linear
combination of K shifted signals

H(x) =
K∑

k=0

hkS
kx=H(S)x (3)

where H(S) =
∑K

k=0 hkSk is the N ×N polynomial fil-
tering matrix.

The output at node i is yi = h0xi + h1[Sx]i + . . .+
hK [SKx]i, which is a linear combination of signal values
located at most up to K−hops away. This is because [Sk]ji $= 0
implies that there exists at least one path of length k between
nodes i and j through which the signals can diffuse. These
signals are shifted repeatedly over the graph as per (2);
see also Fig. 2. The term convolution for (3) is rooted in the
algebraic extension of the convolution operation [20] and the
discrete-time counterpart can be seen as a particular case over
a cyclic graph; see Box 1.

B. Properties

Graph convolutional filters satisfy the following properties.
Property 1 (Linearity): For two inputs x1, x2, scalars α,β,

and filter H(S), it holds that

αH(S)x1 + βH(S)x2 =H(S)(αx1 + βx2).

Property 2 (Shift invariance): The graph convolution is in-
variant to shifts, i.e., SH(S) =H(S)S. This implies that given
two filters H1(S) and H2(S) and an input signal x, it holds that
we can switch the order of the filters:

H1(S)H2(S)x=H2(S)H1(S)x.

Property 3 (Permutation equivariance): Denote the set of
permutation matrices by

P =
{
P ∈ {0, 1}N×N :P1= 1 PT1= 1}.

Authorized licensed use limited to: UNIVERSITY AT ALBANY. Downloaded on August 23,2025 at 05:35:38 UTC from IEEE Xplore.  Restrictions apply. 

[Isufi et. al, IEEE TSP, 2024]
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Ø Covariance matrix forms a fully-connected graph where 

• nodes are features 

• edges are covariance values

Ø Graph filter on covariance matrix     is defined as

Graph filter on covariance matrix

58
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Covariance Neural Networks (VNNs)
Graph convolution on the covariance matrix

↭ Covariance filters:
→ Defined as z =

∑K
k=0 hkĈ

k
x = H(Ĉ)x

→ Ĉ
k
x performs a k-shift of signal x over the graph described by Ĉ
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CoVariance filter

59

Ø Analogy between              and PCA

• Using eigendecomposition                           , it follows that
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CoVariance filter

60

Ø Analogy between              and PCA

• Using eigendecomposition                           , it follows that

• GFT of coVariance filter output 𝐳	and PCA are equivalent

     𝑖-th component of @𝐳	is modulated by ℎ 𝜆! = ∑./*, ℎ.𝜆!.
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Learning with coVariance filter versus PCA-based learning
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Ø Learning with a coVariance filter
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Learning with coVariance filter versus PCA-based learning
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Ø Learning with a coVariance filter
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Learning with coVariance filter versus PCA-based learning
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Ø Learning with a coVariance filter
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Learning with coVariance filter versus PCA-based learning
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Ø Learning with a coVariance filter
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Ø PCA-based learning
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Learning with coVariance filter versus PCA-based learning
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Ø Learning with a coVariance filter
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Ø PCA-based learning
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coVariance Neural Networks (VNNs)
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Ø Operation           performs a 𝑘-shift of signal 𝐱	over graph defined by      

Ø  Parameters {𝒉𝒌} are called filter taps, are scalars and learnable parameters

coVariance filters as convolutional operators
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Covariance Neural Networks (VNNs)
Graph convolution on the covariance matrix

↭ Covariance filters:
→ Defined as z =

∑K
k=0 hkĈ

k
x = H(Ĉ)x

→ Ĉ
k
x performs a k-shift of signal x over the graph described by Ĉ
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Ĉkx
<latexit sha1_base64="2ypLC8dNdhM7g3+4s801DntEaWs=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqsdiLx4r2A9oStlsN+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMGnO/88S1EbF6xGnC+xEdKREKRtFKfuYHIfHHFEljNihX3Kq7AFknXk4qkKM5KH/5w5ilEVfIJDWm57kJ9jOqUTDJZyU/NTyhbEJHvGepohE3/Wxx84xcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw9t+JlSSIldsuShMJcGYzAMgQ6E5Qzm1hDIt7K2EjammDG1MJRuCt/ryOmlfVb1atfZwXanf5XEU4QzO4RI8uIE63EMTWsAggWd4hTcndV6cd+dj2Vpw8plT+APn8wdHc5E1</latexit>

Ĉ
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Ø coVariance filters can learn only linear representations

Ø To accommodate learn non-linear representations, concatenate coVariance 

filter with pointwise non-linearity 𝜎	(for e.g., ReLU, sigmoid, etc.) 
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VNN

<latexit sha1_base64="2ypLC8dNdhM7g3+4s801DntEaWs=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqsdiLx4r2A9oStlsN+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMGnO/88S1EbF6xGnC+xEdKREKRtFKfuYHIfHHFEljNihX3Kq7AFknXk4qkKM5KH/5w5ilEVfIJDWm57kJ9jOqUTDJZyU/NTyhbEJHvGepohE3/Wxx84xcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw9t+JlSSIldsuShMJcGYzAMgQ6E5Qzm1hDIt7K2EjammDG1MJRuCt/ryOmlfVb1atfZwXanf5XEU4QzO4RI8uIE63EMTWsAggWd4hTcndV6cd+dj2Vpw8plT+APn8wdHc5E1</latexit>

Ĉ

<latexit sha1_base64="mTBsXWDh21DZmEWlwkMNlD0zWhU=">AAACHHicbVDLSgMxFM34dnyNunQTbAUFKTMVquBG7KY7K9hW6Awlk2ZsaOZBckcsw3yIG3/FjQtF3LgQ/BvTaRe+DgROzrmX5Bw/EVyBbX8aM7Nz8wuLS8vmyura+oa1udVWcSopa9FYxPLaJ4oJHrEWcBDsOpGMhL5gHX9YH/udWyYVj6MrGCXMC8lNxANOCWipZx25KsCmeZFCkgIuu80B389cP8B3+Sl2BwSKSz0/xJlLicCN/KDcs0p2xS6A/xJnSkpoimbPenf7MU1DFgEVRKmuYyfgZUQCp4LlppsqlhA6JDesq2lEQqa8rAiX4z2t9HEQS30iwIX6fSMjoVKj0NeTIYGB+u2Nxf+8bgrBiZfxSAdnEZ08FKQCQ4zHTeE+l4yCGGlCqOT6r5gOiCQUdJ+mLsH5HfkvaVcrTq1Su6yWzs6ndSyhHbSL9pGDjtEZaqAmaiGK7tEjekYvxoPxZLwab5PRGWO6s41+wPj4AqeRn0E=</latexit>

Output !(x; Ĉ,H)

Ø coVariance filters can learn only linear representations

Ø To accommodate learn non-linear representations, concatenate coVariance 

filter with pointwise non-linearity 𝜎	(for e.g., ReLU, sigmoid, etc.) 

Readout

<latexit sha1_base64="zrmuI57je0MO07VBNWgWa1yLb04="></latexit>

H1(Ĉ) =
K∑

k=0

h1kĈ
k

<latexit sha1_base64="Jm96Eb7I8pEO1hn6PCvJHC6nzGY="></latexit>

H2(Ĉ) =
K∑

k=0

h2kĈ
k

<latexit sha1_base64="hF8qu4zs/CRQXT9yR8Yupq+/Cx0=">AAACDXicbVDLSsNAFJ3UV62vqEs3g1WoICURqYKbYjddVrAPaEKZTCfN0MkkzEzEEvIDbvwVNy4UcevenX/jNO1CqwcunDnnXube48WMSmVZX0ZhaXllda24XtrY3NreMXf3OjJKBCZtHLFI9DwkCaOctBVVjPRiQVDoMdL1xo2p370jQtKI36pJTNwQjTj1KUZKSwPzyGkFtJI6ng/vs1PoBEjlj0Z2BVMHIwab2cnALFtVKwf8S+w5KYM5WgPz0xlGOAkJV5ghKfu2FSs3RUJRzEhWchJJYoTHaET6mnIUEumm+TUZPNbKEPqR0MUVzNWfEykKpZyEnu4MkQrkojcV//P6ifIv3ZTyOFGE49lHfsKgiuA0GjikgmDFJpogLKjeFeIACYSVDrCkQ7AXT/5LOmdVu1at3ZyX69fzOIrgAByCCrDBBaiDJmiBNsDgATyBF/BqPBrPxpvxPmstGPOZffALxsc3DXWaSw==</latexit>

!(x, Ĉ;H)

Example: A two-layer VNN
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Ø coVariance filters can learn only linear representations

Ø To accommodate learn non-linear representations, concatenate coVariance 

filter with pointwise non-linearity 𝜎	(for e.g., ReLU, sigmoid, etc.) 

Ø                        represents VNN output

Ø       is set of all filter taps

VNN

<latexit sha1_base64="2ypLC8dNdhM7g3+4s801DntEaWs=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqsdiLx4r2A9oStlsN+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMGnO/88S1EbF6xGnC+xEdKREKRtFKfuYHIfHHFEljNihX3Kq7AFknXk4qkKM5KH/5w5ilEVfIJDWm57kJ9jOqUTDJZyU/NTyhbEJHvGepohE3/Wxx84xcWGVIwljbUkgW6u+JjEbGTKPAdkYUx2bVm4v/eb0Uw9t+JlSSIldsuShMJcGYzAMgQ6E5Qzm1hDIt7K2EjammDG1MJRuCt/ryOmlfVb1atfZwXanf5XEU4QzO4RI8uIE63EMTWsAggWd4hTcndV6cd+dj2Vpw8plT+APn8wdHc5E1</latexit>

Ĉ

<latexit sha1_base64="mTBsXWDh21DZmEWlwkMNlD0zWhU=">AAACHHicbVDLSgMxFM34dnyNunQTbAUFKTMVquBG7KY7K9hW6Awlk2ZsaOZBckcsw3yIG3/FjQtF3LgQ/BvTaRe+DgROzrmX5Bw/EVyBbX8aM7Nz8wuLS8vmyura+oa1udVWcSopa9FYxPLaJ4oJHrEWcBDsOpGMhL5gHX9YH/udWyYVj6MrGCXMC8lNxANOCWipZx25KsCmeZFCkgIuu80B389cP8B3+Sl2BwSKSz0/xJlLicCN/KDcs0p2xS6A/xJnSkpoimbPenf7MU1DFgEVRKmuYyfgZUQCp4LlppsqlhA6JDesq2lEQqa8rAiX4z2t9HEQS30iwIX6fSMjoVKj0NeTIYGB+u2Nxf+8bgrBiZfxSAdnEZ08FKQCQ4zHTeE+l4yCGGlCqOT6r5gOiCQUdJ+mLsH5HfkvaVcrTq1Su6yWzs6ndSyhHbSL9pGDjtEZaqAmaiGK7tEjekYvxoPxZLwab5PRGWO6s41+wPj4AqeRn0E=</latexit>

Output !(x; Ĉ,H)

Example: A two-layer VNN

<latexit sha1_base64="99WczK5GYkoE3BRBPQH/IrcZglE=">AAACFHicbVDLSsNAFJ3UV42vqEs3g61QUUrSRRXcFLvpsoJ9QBPKZDppBycPZiZiCfkIN/6KGxeKuHXhzr9xmmahrQcunDnnXube40aMCmma31phZXVtfaO4qW9t7+zuGfsHXRHGHJMODlnI+y4ShNGAdCSVjPQjTpDvMtJz75ozv3dPuKBhcCunEXF8NA6oRzGSShoaZ7bwoF622xNaSWzXgw/pFbQnSGaPZnoOExsjBlvpaXlolMyqmQEuEysnJZCjPTS+7FGIY58EEjMkxMAyI+kkiEuKGUl1OxYkQvgOjclA0QD5RDhJdlQKT5Qygl7IVQUSZurviQT5Qkx9V3X6SE7EojcT//MGsfQunYQGUSxJgOcfeTGDMoSzhOCIcoIlmyqCMKdqV4gniCMsVY66CsFaPHmZdGtVq16t39RKjes8jiI4AsegAixwARqgBdqgAzB4BM/gFbxpT9qL9q59zFsLWj5zCP5A+/wB3TqcNg==</latexit>

!(x; Ĉ,H)
<latexit sha1_base64="MVOYPAe5Hk9uvGEeMygEmFH1oZQ=">AAAB8HicbVBNSwMxEJ2tX3X9qnr0EiyCp7Ir0noseumxgv2QdinZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzwoQzbTzv2ylsbG5t7xR33b39g8Oj0vFJW8epIrRFYh6rbog15UzSlmGG026iKBYhp51wcjf3O09UaRbLBzNNaCDwSLKIEWys9OhmfYI5aswGpbJX8RZA68TPSRlyNAelr/4wJqmg0hCOte75XmKCDCvDCKczt59qmmAywSPas1RiQXWQLQ6eoQurDFEUK1vSoIX6eyLDQuupCG2nwGasV725+J/XS010E2RMJqmhkiwXRSlHJkbz79GQKUoMn1qCiWL2VkTGWGFibEauDcFffXmdtK8qfrVSvb8u12/zOIpwBudwCT7UoA4NaEILCAh4hld4c5Tz4rw7H8vWgpPPnMIfOJ8/43qP1Q==</latexit>

H
Readout

<latexit sha1_base64="zrmuI57je0MO07VBNWgWa1yLb04="></latexit>

H1(Ĉ) =
K∑

k=0

h1kĈ
k

<latexit sha1_base64="Jm96Eb7I8pEO1hn6PCvJHC6nzGY="></latexit>

H2(Ĉ) =
K∑

k=0

h2kĈ
k

<latexit sha1_base64="hF8qu4zs/CRQXT9yR8Yupq+/Cx0=">AAACDXicbVDLSsNAFJ3UV62vqEs3g1WoICURqYKbYjddVrAPaEKZTCfN0MkkzEzEEvIDbvwVNy4UcevenX/jNO1CqwcunDnnXube48WMSmVZX0ZhaXllda24XtrY3NreMXf3OjJKBCZtHLFI9DwkCaOctBVVjPRiQVDoMdL1xo2p370jQtKI36pJTNwQjTj1KUZKSwPzyGkFtJI6ng/vs1PoBEjlj0Z2BVMHIwab2cnALFtVKwf8S+w5KYM5WgPz0xlGOAkJV5ghKfu2FSs3RUJRzEhWchJJYoTHaET6mnIUEumm+TUZPNbKEPqR0MUVzNWfEykKpZyEnu4MkQrkojcV//P6ifIv3ZTyOFGE49lHfsKgiuA0GjikgmDFJpogLKjeFeIACYSVDrCkQ7AXT/5LOmdVu1at3ZyX69fzOIrgAByCCrDBBaiDJmiBNsDgATyBF/BqPBrPxpvxPmstGPOZffALxsc3DXWaSw==</latexit>

!(x, Ĉ;H)
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Synthetic data
(Friedman regression problem)

Neuroimaging data
(age prediction task)
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Covariance Filters and Neural Networks
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Ø A covariance filter is a polynomial in the covariance matrix 

Covariance filters
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<latexit sha1_base64="J2vEw8xVUmvQJEhY66GeMCMce2s="></latexit>

H(Ĉ) =
K∑

k=0

hkĈ
k
x

<latexit sha1_base64="q129jdk7cEWwkz8eWE1OSvQKowg=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0lEqsdiLx4r2A9IQtlsN+3SzW7YnQgl9Gd48aCIV3+NN/+N2zYHbX0w8Hhvhpl5USq4Adf9dkobm1vbO+Xdyt7+weFR9fika1SmKetQJZTuR8QwwSXrAAfB+qlmJIkE60WT1tzvPTFtuJKPME1ZmJCR5DGnBKzkB2MCeRDFuDUbVGtu3V0ArxOvIDVUoD2ofgVDRbOESaCCGON7bgphTjRwKtisEmSGpYROyIj5lkqSMBPmi5Nn+MIqQxwrbUsCXqi/J3KSGDNNItuZEBibVW8u/uf5GcS3Yc5lmgGTdLkozgQGhef/4yHXjIKYWkKo5vZWTMdEEwo2pYoNwVt9eZ10r+peo954uK4174o4yugMnaNL5KEb1ET3qI06iCKFntErenPAeXHenY9la8kpZk7RHzifP+9VkQs=</latexit>

Ĉ

13/53

Covariance Neural Networks (VNNs)
Graph convolution on the covariance matrix

↭ Covariance filters:
→ Defined as z =

∑K
k=0 hkĈ

k
x = H(Ĉ)x

→ Ĉ
k
x performs a k-shift of signal x over the graph described by Ĉ
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2
x Ĉ
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Sihag, Mateos, McMillan & Ribeiro. coVariance Neural Networks. NeurIPS, 2022

Ø We train the filter coefficients       to accomplish some task
<latexit sha1_base64="J2vEw8xVUmvQJEhY66GeMCMce2s="></latexit>

H(Ĉ) =
K∑

k=0

hkĈ
k
x
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Ø                        represents VNN output

Ø       is the set of trainable filter taps

<latexit sha1_base64="99WczK5GYkoE3BRBPQH/IrcZglE=">AAACFHicbVDLSsNAFJ3UV42vqEs3g61QUUrSRRXcFLvpsoJ9QBPKZDppBycPZiZiCfkIN/6KGxeKuHXhzr9xmmahrQcunDnnXube40aMCmma31phZXVtfaO4qW9t7+zuGfsHXRHGHJMODlnI+y4ShNGAdCSVjPQjTpDvMtJz75ozv3dPuKBhcCunEXF8NA6oRzGSShoaZ7bwoF622xNaSWzXgw/pFbQnSGaPZnoOExsjBlvpaXlolMyqmQEuEysnJZCjPTS+7FGIY58EEjMkxMAyI+kkiEuKGUl1OxYkQvgOjclA0QD5RDhJdlQKT5Qygl7IVQUSZurviQT5Qkx9V3X6SE7EojcT//MGsfQunYQGUSxJgOcfeTGDMoSzhOCIcoIlmyqCMKdqV4gniCMsVY66CsFaPHmZdGtVq16t39RKjes8jiI4AsegAixwARqgBdqgAzB4BM/gFbxpT9qL9q59zFsLWj5zCP5A+/wB3TqcNg==</latexit>

!(x; Ĉ,H)
<latexit sha1_base64="MVOYPAe5Hk9uvGEeMygEmFH1oZQ=">AAAB8HicbVBNSwMxEJ2tX3X9qnr0EiyCp7Ir0noseumxgv2QdinZNNuGJtklyQpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzwoQzbTzv2ylsbG5t7xR33b39g8Oj0vFJW8epIrRFYh6rbog15UzSlmGG026iKBYhp51wcjf3O09UaRbLBzNNaCDwSLKIEWys9OhmfYI5aswGpbJX8RZA68TPSRlyNAelr/4wJqmg0hCOte75XmKCDCvDCKczt59qmmAywSPas1RiQXWQLQ6eoQurDFEUK1vSoIX6eyLDQuupCG2nwGasV725+J/XS010E2RMJqmhkiwXRSlHJkbz79GQKUoMn1qCiWL2VkTGWGFibEauDcFffXmdtK8qfrVSvb8u12/zOIpwBudwCT7UoA4NaEILCAh4hld4c5Tz4rw7H8vWgpPPnMIfOJ8/43qP1Q==</latexit>

H

Readout

<latexit sha1_base64="zrmuI57je0MO07VBNWgWa1yLb04="></latexit>

H1(Ĉ) =
K∑

k=0

h1kĈ
k

<latexit sha1_base64="Jm96Eb7I8pEO1hn6PCvJHC6nzGY="></latexit>

H2(Ĉ) =
K∑

k=0

h2kĈ
k

<latexit sha1_base64="hF8qu4zs/CRQXT9yR8Yupq+/Cx0=">AAACDXicbVDLSsNAFJ3UV62vqEs3g1WoICURqYKbYjddVrAPaEKZTCfN0MkkzEzEEvIDbvwVNy4UcevenX/jNO1CqwcunDnnXube48WMSmVZX0ZhaXllda24XtrY3NreMXf3OjJKBCZtHLFI9DwkCaOctBVVjPRiQVDoMdL1xo2p370jQtKI36pJTNwQjTj1KUZKSwPzyGkFtJI6ng/vs1PoBEjlj0Z2BVMHIwab2cnALFtVKwf8S+w5KYM5WgPz0xlGOAkJV5ghKfu2FSs3RUJRzEhWchJJYoTHaET6mnIUEumm+TUZPNbKEPqR0MUVzNWfEykKpZyEnu4MkQrkojcV//P6ifIv3ZTyOFGE49lHfsKgiuA0GjikgmDFJpogLKjeFeIACYSVDrCkQ7AXT/5LOmdVu1at3ZyX69fzOIrgAByCCrDBBaiDJmiBNsDgATyBF/BqPBrPxpvxPmstGPOZffALxsc3DXWaSw==</latexit>

!(x, Ĉ;H)

Ø A VNN is a composition of layers

Ø Each of which is a composition of 

 … a covariance filter

 … with a pointwise nonlinearity 
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h( 0𝜆!)
h( 0𝜆")

Eigenvalue,
Eigenvector

h( 0𝜆$)

Input 
data 

coVariance
filter

Inference
output

Readout 
function

0𝜆!,
3𝒗!

0𝜆",
3𝒗"

0𝜆#,
3𝒗#

0𝜆$,
3𝒗$

0𝜆%,
3𝒗%

h( 0𝜆#)

PCA
transform

Input 
data 

Regression 
model

Inference
output

𝛽!

𝛽"

𝛽#
𝛽$

0𝜆!,
3𝒗!

0𝜆",
3𝒗"

0𝜆#,
3𝒗#

0𝜆$,
3𝒗$

Eigenvalue,
Eigenvector

0𝜆%,
3𝒗%
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h( 0𝜆!)
h( 0𝜆")

Eigenvalue,
Eigenvector

h( 0𝜆$)

0𝜆!,
3𝒗!

0𝜆",
3𝒗"

0𝜆#,
3𝒗#

0𝜆$,
3𝒗$

0𝜆%,
3𝒗%

h( 0𝜆#)

𝛽!

𝛽"

𝛽#
𝛽$

0𝜆!,
3𝒗!

0𝜆",
3𝒗"

0𝜆#,
3𝒗#

0𝜆$,
3𝒗$

Eigenvalue,
Eigenvector

0𝜆%,
3𝒗%

Ø The difference is that covariance filters (and VNNs) do not require eigenvectors

 Stability: Leading to more stable signal processing

 Transferability: And the possibility of transferring trained filters across scales
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Stable Inference with VNNs
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Ø PCA-driven inference can be unstable  

• stochastic perturbations due to 

      finite sample effect

Ø VNNs provide stable outcomes

               enhanced reproducibility

          avoid overfitting 

78

Stability of inference with PCA and VNNs

Performance on regression task

<latexit sha1_base64="n/e4loub8upe2CyO4lE5Ye1Whto=">AAACGnicbVC7SgNBFJ2Nrxhfq5Y2g4lgFXZTqFiJaSwjGBWyIcxO7prBmdll5q4QlnyHjb9iY6GIndj4N04eha8DA4dz7mXOPXEmhcUg+PRKc/MLi0vl5crK6tr6hr+5dWnT3HBo81Sm5jpmFqTQ0EaBEq4zA0zFEq7i2+bYv7oDY0WqL3CYQVexGy0SwRk6qeeHkU0qtSIaMCyiOKHN0aina8cULArFEPo0MamiNV2jlqlMgu351aAeTED/knBGqmSGVs9/j/opzxVo5JJZ2wmDDLsFMyi4hFElyi1kjN+yG+g4qpkC2y0mp43onlNchtS4p5FO1O8bBVPWDlXsJl3cgf3tjcX/vE6OyVG3EDrLETSffpTkkmJKxz3RvjDAUQ4dYdwIl5XyATOMo2uz4koIf5/8l1w26uFB/eC8UT05ndVRJjtkl+yTkBySE3JGWqRNOLknj+SZvHgP3pP36r1NR0vebGeb/ID38QVgTJ/b</latexit>

Ĉn: estimated from n samples
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Ø Recall: Sample covariance matrix      is estimate of true covariance matrix
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Stochastic perturbations in sample covariance matrix
<latexit sha1_base64="+lvW1fP6jKnbf0KazBOVEk8nflQ=">AAACAnicbVDLSgNBEJyNrxhfUU/iZTAInsKuSPQYzMVjBPOAJITZSW8yZPbBTK8YlsWLv+LFgyJe/Qpv/o2TZA+aWNBQVHVPT5cbSaHRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqMFYcGjyUoWq7TIMUATRQoIR2pID5roSWO65N/dY9KC3C4A4nEfR8NgyEJzhDI/WLR12EB5y9kygYpEnSdT1Ka2naL5bssj0DXSZORkokQ71f/OoOQh77ECCXTOuOY0fYS5hCwSWkhW6sIWJ8zIbQMTRgPuheMlud0lOjDKgXKlMB0pn6eyJhvtYT3zWdPsORXvSm4n9eJ0bvqpeIIIoRAj5f5MWSYkinedCBUMBRTgxhXAnzV8pHTDGOJrWCCcFZPHmZNM/LTqVcub0oVa+zOPLkmJyQM+KQS1IlN6ROGoSTR/JMXsmb9WS9WO/Wx7w1Z2Uzh+QPrM8f2oCXug==</latexit>

C
<latexit sha1_base64="U9hl+SHB90D96wZ5vTO5vjOVruk=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXZFomUwjWUE84BsCLOTu8mQ2Qczd8WwbGnjr9hYKGLrJ9j5N04ehSYeuHA4596Ze48XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudT6g4Z0lqW9Yolu2xPQZeJMyclMke9V/xy+xFPAgiRS6Z1x7Fj7KZMoeASsoKbaIgZH7EBdAwNWQC6m04XyOipUfrUj5SpEOlU/T2RskDrceCZzoDhUC96E/E/r5Ogf9VNRRgnCCGffeQnkmJEJ6nQvlDAUY4NYVwJsyvlQ6YYR5NdwYTgLJ68TJrnZadSrtxelKrX8zjy5IickDPikEtSJTekThqEk0fyTF7Jm/VkvVjv1sesNWfNZw7JH1ifPz1ymhw=</latexit>

Ĉ
<latexit sha1_base64="lDCTJ+XG1qjTf/YQWFtXG4v2jNU="></latexit>

C = E[(x→ µ)(x→ µ)T]

<latexit sha1_base64="puPbTLzMKib7aMHH3ksAEiJl4tA="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T

<latexit sha1_base64="U9hl+SHB90D96wZ5vTO5vjOVruk=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXZFomUwjWUE84BsCLOTu8mQ2Qczd8WwbGnjr9hYKGLrJ9j5N04ehSYeuHA4596Ze48XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudT6g4Z0lqW9Yolu2xPQZeJMyclMke9V/xy+xFPAgiRS6Z1x7Fj7KZMoeASsoKbaIgZH7EBdAwNWQC6m04XyOipUfrUj5SpEOlU/T2RskDrceCZzoDhUC96E/E/r5Ogf9VNRRgnCCGffeQnkmJEJ6nQvlDAUY4NYVwJsyvlQ6YYR5NdwYTgLJ68TJrnZadSrtxelKrX8zjy5IickDPikEtSJTekThqEk0fyTF7Jm/VkvVjv1sesNWfNZw7JH1ifPz1ymhw=</latexit>

Ĉ
<latexit sha1_base64="BDm51Oz6oQK1SCb2YDTFf54IjCY=">AAACMHicbVDLSgMxFM34rPVVdekmWAQXUmZEqsuiC124qGAf0Cklk7ljg5kHyR2xDPNJbvwU3Sgo4tavMNN24etCyOGce3NPjpdIodG2X6yZ2bn5hcXSUnl5ZXVtvbKx2dZxqji0eCxj1fWYBikiaKFACd1EAQs9CR3v5rTQO7egtIijKxwl0A/ZdSQCwRkaalA5cxHucPxO5skU8sz1AnfIkLbzffqPGEtfj0JzZUWXe2FW+SzPB5WqXbPHRf8CZwqqZFrNQeXR9WOehhAhl0zrnmMn2M+YQsEl5GU31ZAwfsOuoWdgxELQ/WzsJae7hvFpECtzIqRj9vtExkJduDSdIcOh/q0V5H9aL8XguJ+JKEkRIj5ZFKSSYkyL9KgvFHCUIwMYV8J4pXzIFONoMi6bEJzfX/4L2gc1p16rXx5WGyfTOEpkm+yQPeKQI9Ig56RJWoSTe/JEXsmb9WA9W+/Wx6R1xprObJEfZX1+Aa2LrGw=</latexit>

V̂, !̂
<latexit sha1_base64="bVyRy1+JZTsil/izLGVW1LJHtqw=">AAACJnicbVDLSgMxFM34rPVVdekmWAQXUmZE1I0gunHhooKthc5QMpk7Gsw8SO6IZZivceOvuHFREXHnp5i2s9DWCyGHc+7NPTl+KoVG2/6yZmbn5hcWK0vV5ZXVtfXaxmZbJ5ni0OKJTFTHZxqkiKGFAiV0UgUs8iXc+g8XQ/32EZQWSXyD/RS8iN3FIhScoaF6tVMX4QlH7+QKgiJ3/ZC2i306zScy0P3IXLl7ZRYErCh6tbrdsEdFp4FTgjopq9mrDdwg4VkEMXLJtO46dopezhQKLqGoupmGlPEHdgddA2MWgfbykY2C7homoGGizImRjtjfEzmL9NCh6YwY3utJbUj+p3UzDE+8XMRphhDz8aIwkxQTOsyMBkIBR9k3gHEljFfK75liHE2yVROCM/nladA+aDhHjaPrw/rZeRlHhWyTHbJHHHJMzsglaZIW4eSZvJIBebderDfrw/oct85Y5cwW+VPW9w8Hy6f8</latexit>

V,!
<latexit sha1_base64="+lvW1fP6jKnbf0KazBOVEk8nflQ=">AAACAnicbVDLSgNBEJyNrxhfUU/iZTAInsKuSPQYzMVjBPOAJITZSW8yZPbBTK8YlsWLv+LFgyJe/Qpv/o2TZA+aWNBQVHVPT5cbSaHRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqMFYcGjyUoWq7TIMUATRQoIR2pID5roSWO65N/dY9KC3C4A4nEfR8NgyEJzhDI/WLR12EB5y9kygYpEnSdT1Ka2naL5bssj0DXSZORkokQ71f/OoOQh77ECCXTOuOY0fYS5hCwSWkhW6sIWJ8zIbQMTRgPuheMlud0lOjDKgXKlMB0pn6eyJhvtYT3zWdPsORXvSm4n9eJ0bvqpeIIIoRAj5f5MWSYkinedCBUMBRTgxhXAnzV8pHTDGOJrWCCcFZPHmZNM/LTqVcub0oVa+zOPLkmJyQM+KQS1IlN6ROGoSTR/JMXsmb9WS9WO/Wx7w1Z2Uzh+QPrM8f2oCXug==</latexit>

C
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Stochastic perturbations in sample covariance matrix
<latexit sha1_base64="+lvW1fP6jKnbf0KazBOVEk8nflQ=">AAACAnicbVDLSgNBEJyNrxhfUU/iZTAInsKuSPQYzMVjBPOAJITZSW8yZPbBTK8YlsWLv+LFgyJe/Qpv/o2TZA+aWNBQVHVPT5cbSaHRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqMFYcGjyUoWq7TIMUATRQoIR2pID5roSWO65N/dY9KC3C4A4nEfR8NgyEJzhDI/WLR12EB5y9kygYpEnSdT1Ka2naL5bssj0DXSZORkokQ71f/OoOQh77ECCXTOuOY0fYS5hCwSWkhW6sIWJ8zIbQMTRgPuheMlud0lOjDKgXKlMB0pn6eyJhvtYT3zWdPsORXvSm4n9eJ0bvqpeIIIoRAj5f5MWSYkinedCBUMBRTgxhXAnzV8pHTDGOJrWCCcFZPHmZNM/LTqVcub0oVa+zOPLkmJyQM+KQS1IlN6ROGoSTR/JMXsmb9WS9WO/Wx7w1Z2Uzh+QPrM8f2oCXug==</latexit>

C
<latexit sha1_base64="U9hl+SHB90D96wZ5vTO5vjOVruk=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXZFomUwjWUE84BsCLOTu8mQ2Qczd8WwbGnjr9hYKGLrJ9j5N04ehSYeuHA4596Ze48XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudT6g4Z0lqW9Yolu2xPQZeJMyclMke9V/xy+xFPAgiRS6Z1x7Fj7KZMoeASsoKbaIgZH7EBdAwNWQC6m04XyOipUfrUj5SpEOlU/T2RskDrceCZzoDhUC96E/E/r5Ogf9VNRRgnCCGffeQnkmJEJ6nQvlDAUY4NYVwJsyvlQ6YYR5NdwYTgLJ68TJrnZadSrtxelKrX8zjy5IickDPikEtSJTekThqEk0fyTF7Jm/VkvVjv1sesNWfNZw7JH1ifPz1ymhw=</latexit>

Ĉ

<latexit sha1_base64="U9hl+SHB90D96wZ5vTO5vjOVruk=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXZFomUwjWUE84BsCLOTu8mQ2Qczd8WwbGnjr9hYKGLrJ9j5N04ehSYeuHA4596Ze48XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudT6g4Z0lqW9Yolu2xPQZeJMyclMke9V/xy+xFPAgiRS6Z1x7Fj7KZMoeASsoKbaIgZH7EBdAwNWQC6m04XyOipUfrUj5SpEOlU/T2RskDrceCZzoDhUC96E/E/r5Ogf9VNRRgnCCGffeQnkmJEJ6nQvlDAUY4NYVwJsyvlQ6YYR5NdwYTgLJ68TJrnZadSrtxelKrX8zjy5IickDPikEtSJTekThqEk0fyTF7Jm/VkvVjv1sesNWfNZw7JH1ifPz1ymhw=</latexit>

Ĉ

<latexit sha1_base64="lDCTJ+XG1qjTf/YQWFtXG4v2jNU="></latexit>

C = E[(x→ µ)(x→ µ)T]

<latexit sha1_base64="puPbTLzMKib7aMHH3ksAEiJl4tA="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T

<latexit sha1_base64="BDm51Oz6oQK1SCb2YDTFf54IjCY=">AAACMHicbVDLSgMxFM34rPVVdekmWAQXUmZEqsuiC124qGAf0Cklk7ljg5kHyR2xDPNJbvwU3Sgo4tavMNN24etCyOGce3NPjpdIodG2X6yZ2bn5hcXSUnl5ZXVtvbKx2dZxqji0eCxj1fWYBikiaKFACd1EAQs9CR3v5rTQO7egtIijKxwl0A/ZdSQCwRkaalA5cxHucPxO5skU8sz1AnfIkLbzffqPGEtfj0JzZUWXe2FW+SzPB5WqXbPHRf8CZwqqZFrNQeXR9WOehhAhl0zrnmMn2M+YQsEl5GU31ZAwfsOuoWdgxELQ/WzsJae7hvFpECtzIqRj9vtExkJduDSdIcOh/q0V5H9aL8XguJ+JKEkRIj5ZFKSSYkyL9KgvFHCUIwMYV8J4pXzIFONoMi6bEJzfX/4L2gc1p16rXx5WGyfTOEpkm+yQPeKQI9Ig56RJWoSTe/JEXsmb9WA9W+/Wx6R1xprObJEfZX1+Aa2LrGw=</latexit>

V̂, !̂
<latexit sha1_base64="bVyRy1+JZTsil/izLGVW1LJHtqw=">AAACJnicbVDLSgMxFM34rPVVdekmWAQXUmZE1I0gunHhooKthc5QMpk7Gsw8SO6IZZivceOvuHFREXHnp5i2s9DWCyGHc+7NPTl+KoVG2/6yZmbn5hcWK0vV5ZXVtfXaxmZbJ5ni0OKJTFTHZxqkiKGFAiV0UgUs8iXc+g8XQ/32EZQWSXyD/RS8iN3FIhScoaF6tVMX4QlH7+QKgiJ3/ZC2i306zScy0P3IXLl7ZRYErCh6tbrdsEdFp4FTgjopq9mrDdwg4VkEMXLJtO46dopezhQKLqGoupmGlPEHdgddA2MWgfbykY2C7homoGGizImRjtjfEzmL9NCh6YwY3utJbUj+p3UzDE+8XMRphhDz8aIwkxQTOsyMBkIBR9k3gHEljFfK75liHE2yVROCM/nladA+aDhHjaPrw/rZeRlHhWyTHbJHHHJMzsglaZIW4eSZvJIBebderDfrw/oct85Y5cwW+VPW9w8Hy6f8</latexit>

V,!
<latexit sha1_base64="+lvW1fP6jKnbf0KazBOVEk8nflQ=">AAACAnicbVDLSgNBEJyNrxhfUU/iZTAInsKuSPQYzMVjBPOAJITZSW8yZPbBTK8YlsWLv+LFgyJe/Qpv/o2TZA+aWNBQVHVPT5cbSaHRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqMFYcGjyUoWq7TIMUATRQoIR2pID5roSWO65N/dY9KC3C4A4nEfR8NgyEJzhDI/WLR12EB5y9kygYpEnSdT1Ka2naL5bssj0DXSZORkokQ71f/OoOQh77ECCXTOuOY0fYS5hCwSWkhW6sIWJ8zIbQMTRgPuheMlud0lOjDKgXKlMB0pn6eyJhvtYT3zWdPsORXvSm4n9eJ0bvqpeIIIoRAj5f5MWSYkinedCBUMBRTgxhXAnzV8pHTDGOJrWCCcFZPHmZNM/LTqVcub0oVa+zOPLkmJyQM+KQS1IlN6ROGoSTR/JMXsmb9WS9WO/Wx7w1Z2Uzh+QPrM8f2oCXug==</latexit>

C
<latexit sha1_base64="BDm51Oz6oQK1SCb2YDTFf54IjCY=">AAACMHicbVDLSgMxFM34rPVVdekmWAQXUmZEqsuiC124qGAf0Cklk7ljg5kHyR2xDPNJbvwU3Sgo4tavMNN24etCyOGce3NPjpdIodG2X6yZ2bn5hcXSUnl5ZXVtvbKx2dZxqji0eCxj1fWYBikiaKFACd1EAQs9CR3v5rTQO7egtIijKxwl0A/ZdSQCwRkaalA5cxHucPxO5skU8sz1AnfIkLbzffqPGEtfj0JzZUWXe2FW+SzPB5WqXbPHRf8CZwqqZFrNQeXR9WOehhAhl0zrnmMn2M+YQsEl5GU31ZAwfsOuoWdgxELQ/WzsJae7hvFpECtzIqRj9vtExkJduDSdIcOh/q0V5H9aL8XguJ+JKEkRIj5ZFKSSYkyL9KgvFHCUIwMYV8J4pXzIFONoMi6bEJzfX/4L2gc1p16rXx5WGyfTOEpkm+yQPeKQI9Ig56RJWoSTe/JEXsmb9WA9W+/Wx6R1xprObJEfZX1+Aa2LrGw=</latexit>

V̂, !̂
<latexit sha1_base64="bVyRy1+JZTsil/izLGVW1LJHtqw=">AAACJnicbVDLSgMxFM34rPVVdekmWAQXUmZE1I0gunHhooKthc5QMpk7Gsw8SO6IZZivceOvuHFREXHnp5i2s9DWCyGHc+7NPTl+KoVG2/6yZmbn5hcWK0vV5ZXVtfXaxmZbJ5ni0OKJTFTHZxqkiKGFAiV0UgUs8iXc+g8XQ/32EZQWSXyD/RS8iN3FIhScoaF6tVMX4QlH7+QKgiJ3/ZC2i306zScy0P3IXLl7ZRYErCh6tbrdsEdFp4FTgjopq9mrDdwg4VkEMXLJtO46dopezhQKLqGoupmGlPEHdgddA2MWgfbykY2C7homoGGizImRjtjfEzmL9NCh6YwY3utJbUj+p3UzDE+8XMRphhDz8aIwkxQTOsyMBkIBR9k3gHEljFfK75liHE2yVROCM/nladA+aDhHjaPrw/rZeRlHhWyTHbJHHHJMzsglaZIW4eSZvJIBebderDfrw/oct85Y5cwW+VPW9w8Hy6f8</latexit>

V,!

[*] Loukas, Andreas, 2017

<latexit sha1_base64="1G/V/CA/FqdofUupA6s8GJO1nuU="></latexit>

→V̂Tx↑VTx→ = O

(
1

n1/2mini →=j |ωi ↑ ωj |

)
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Stochastic perturbations in sample covariance matrix
<latexit sha1_base64="+lvW1fP6jKnbf0KazBOVEk8nflQ=">AAACAnicbVDLSgNBEJyNrxhfUU/iZTAInsKuSPQYzMVjBPOAJITZSW8yZPbBTK8YlsWLv+LFgyJe/Qpv/o2TZA+aWNBQVHVPT5cbSaHRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqMFYcGjyUoWq7TIMUATRQoIR2pID5roSWO65N/dY9KC3C4A4nEfR8NgyEJzhDI/WLR12EB5y9kygYpEnSdT1Ka2naL5bssj0DXSZORkokQ71f/OoOQh77ECCXTOuOY0fYS5hCwSWkhW6sIWJ8zIbQMTRgPuheMlud0lOjDKgXKlMB0pn6eyJhvtYT3zWdPsORXvSm4n9eJ0bvqpeIIIoRAj5f5MWSYkinedCBUMBRTgxhXAnzV8pHTDGOJrWCCcFZPHmZNM/LTqVcub0oVa+zOPLkmJyQM+KQS1IlN6ROGoSTR/JMXsmb9WS9WO/Wx7w1Z2Uzh+QPrM8f2oCXug==</latexit>

C
<latexit sha1_base64="U9hl+SHB90D96wZ5vTO5vjOVruk=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXZFomUwjWUE84BsCLOTu8mQ2Qczd8WwbGnjr9hYKGLrJ9j5N04ehSYeuHA4596Ze48XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudT6g4Z0lqW9Yolu2xPQZeJMyclMke9V/xy+xFPAgiRS6Z1x7Fj7KZMoeASsoKbaIgZH7EBdAwNWQC6m04XyOipUfrUj5SpEOlU/T2RskDrceCZzoDhUC96E/E/r5Ogf9VNRRgnCCGffeQnkmJEJ6nQvlDAUY4NYVwJsyvlQ6YYR5NdwYTgLJ68TJrnZadSrtxelKrX8zjy5IickDPikEtSJTekThqEk0fyTF7Jm/VkvVjv1sesNWfNZw7JH1ifPz1ymhw=</latexit>

Ĉ

<latexit sha1_base64="U9hl+SHB90D96wZ5vTO5vjOVruk=">AAACCHicbVC7SgNBFJ2NrxhfUUsLB4NgFXZFomUwjWUE84BsCLOTu8mQ2Qczd8WwbGnjr9hYKGLrJ9j5N04ehSYeuHA4596Ze48XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudT6g4Z0lqW9Yolu2xPQZeJMyclMke9V/xy+xFPAgiRS6Z1x7Fj7KZMoeASsoKbaIgZH7EBdAwNWQC6m04XyOipUfrUj5SpEOlU/T2RskDrceCZzoDhUC96E/E/r5Ogf9VNRRgnCCGffeQnkmJEJ6nQvlDAUY4NYVwJsyvlQ6YYR5NdwYTgLJ68TJrnZadSrtxelKrX8zjy5IickDPikEtSJTekThqEk0fyTF7Jm/VkvVjv1sesNWfNZw7JH1ifPz1ymhw=</latexit>

Ĉ

<latexit sha1_base64="lDCTJ+XG1qjTf/YQWFtXG4v2jNU="></latexit>

C = E[(x→ µ)(x→ µ)T]

<latexit sha1_base64="puPbTLzMKib7aMHH3ksAEiJl4tA="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T

<latexit sha1_base64="BDm51Oz6oQK1SCb2YDTFf54IjCY=">AAACMHicbVDLSgMxFM34rPVVdekmWAQXUmZEqsuiC124qGAf0Cklk7ljg5kHyR2xDPNJbvwU3Sgo4tavMNN24etCyOGce3NPjpdIodG2X6yZ2bn5hcXSUnl5ZXVtvbKx2dZxqji0eCxj1fWYBikiaKFACd1EAQs9CR3v5rTQO7egtIijKxwl0A/ZdSQCwRkaalA5cxHucPxO5skU8sz1AnfIkLbzffqPGEtfj0JzZUWXe2FW+SzPB5WqXbPHRf8CZwqqZFrNQeXR9WOehhAhl0zrnmMn2M+YQsEl5GU31ZAwfsOuoWdgxELQ/WzsJae7hvFpECtzIqRj9vtExkJduDSdIcOh/q0V5H9aL8XguJ+JKEkRIj5ZFKSSYkyL9KgvFHCUIwMYV8J4pXzIFONoMi6bEJzfX/4L2gc1p16rXx5WGyfTOEpkm+yQPeKQI9Ig56RJWoSTe/JEXsmb9WA9W+/Wx6R1xprObJEfZX1+Aa2LrGw=</latexit>

V̂, !̂
<latexit sha1_base64="bVyRy1+JZTsil/izLGVW1LJHtqw=">AAACJnicbVDLSgMxFM34rPVVdekmWAQXUmZE1I0gunHhooKthc5QMpk7Gsw8SO6IZZivceOvuHFREXHnp5i2s9DWCyGHc+7NPTl+KoVG2/6yZmbn5hcWK0vV5ZXVtfXaxmZbJ5ni0OKJTFTHZxqkiKGFAiV0UgUs8iXc+g8XQ/32EZQWSXyD/RS8iN3FIhScoaF6tVMX4QlH7+QKgiJ3/ZC2i306zScy0P3IXLl7ZRYErCh6tbrdsEdFp4FTgjopq9mrDdwg4VkEMXLJtO46dopezhQKLqGoupmGlPEHdgddA2MWgfbykY2C7homoGGizImRjtjfEzmL9NCh6YwY3utJbUj+p3UzDE+8XMRphhDz8aIwkxQTOsyMBkIBR9k3gHEljFfK75liHE2yVROCM/nladA+aDhHjaPrw/rZeRlHhWyTHbJHHHJMzsglaZIW4eSZvJIBebderDfrw/oct85Y5cwW+VPW9w8Hy6f8</latexit>

V,!
<latexit sha1_base64="+lvW1fP6jKnbf0KazBOVEk8nflQ=">AAACAnicbVDLSgNBEJyNrxhfUU/iZTAInsKuSPQYzMVjBPOAJITZSW8yZPbBTK8YlsWLv+LFgyJe/Qpv/o2TZA+aWNBQVHVPT5cbSaHRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqMFYcGjyUoWq7TIMUATRQoIR2pID5roSWO65N/dY9KC3C4A4nEfR8NgyEJzhDI/WLR12EB5y9kygYpEnSdT1Ka2naL5bssj0DXSZORkokQ71f/OoOQh77ECCXTOuOY0fYS5hCwSWkhW6sIWJ8zIbQMTRgPuheMlud0lOjDKgXKlMB0pn6eyJhvtYT3zWdPsORXvSm4n9eJ0bvqpeIIIoRAj5f5MWSYkinedCBUMBRTgxhXAnzV8pHTDGOJrWCCcFZPHmZNM/LTqVcub0oVa+zOPLkmJyQM+KQS1IlN6ROGoSTR/JMXsmb9WS9WO/Wx7w1Z2Uzh+QPrM8f2oCXug==</latexit>

C
<latexit sha1_base64="BDm51Oz6oQK1SCb2YDTFf54IjCY=">AAACMHicbVDLSgMxFM34rPVVdekmWAQXUmZEqsuiC124qGAf0Cklk7ljg5kHyR2xDPNJbvwU3Sgo4tavMNN24etCyOGce3NPjpdIodG2X6yZ2bn5hcXSUnl5ZXVtvbKx2dZxqji0eCxj1fWYBikiaKFACd1EAQs9CR3v5rTQO7egtIijKxwl0A/ZdSQCwRkaalA5cxHucPxO5skU8sz1AnfIkLbzffqPGEtfj0JzZUWXe2FW+SzPB5WqXbPHRf8CZwqqZFrNQeXR9WOehhAhl0zrnmMn2M+YQsEl5GU31ZAwfsOuoWdgxELQ/WzsJae7hvFpECtzIqRj9vtExkJduDSdIcOh/q0V5H9aL8XguJ+JKEkRIj5ZFKSSYkyL9KgvFHCUIwMYV8J4pXzIFONoMi6bEJzfX/4L2gc1p16rXx5WGyfTOEpkm+yQPeKQI9Ig56RJWoSTe/JEXsmb9WA9W+/Wx6R1xprObJEfZX1+Aa2LrGw=</latexit>

V̂, !̂
<latexit sha1_base64="bVyRy1+JZTsil/izLGVW1LJHtqw=">AAACJnicbVDLSgMxFM34rPVVdekmWAQXUmZE1I0gunHhooKthc5QMpk7Gsw8SO6IZZivceOvuHFREXHnp5i2s9DWCyGHc+7NPTl+KoVG2/6yZmbn5hcWK0vV5ZXVtfXaxmZbJ5ni0OKJTFTHZxqkiKGFAiV0UgUs8iXc+g8XQ/32EZQWSXyD/RS8iN3FIhScoaF6tVMX4QlH7+QKgiJ3/ZC2i306zScy0P3IXLl7ZRYErCh6tbrdsEdFp4FTgjopq9mrDdwg4VkEMXLJtO46dopezhQKLqGoupmGlPEHdgddA2MWgfbykY2C7homoGGizImRjtjfEzmL9NCh6YwY3utJbUj+p3UzDE+8XMRphhDz8aIwkxQTOsyMBkIBR9k3gHEljFfK75liHE2yVROCM/nladA+aDhHjaPrw/rZeRlHhWyTHbJHHHJMzsglaZIW4eSZvJIBebderDfrw/oct85Y5cwW+VPW9w8Hy6f8</latexit>

V,!

Unstable PCA transform when eigenvalues of covariance are close

[*] Loukas, Andreas, 2017

<latexit sha1_base64="1G/V/CA/FqdofUupA6s8GJO1nuU="></latexit>

→V̂Tx↑VTx→ = O

(
1

n1/2mini →=j |ωi ↑ ωj |

)
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Ø How to gauge stability?

             Output 𝐳 must be robust to number of samples 𝑛 used to estimate
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Stability of coVariance filter 

<latexit sha1_base64="h6SBwPI7rU89RSlhTV/bqYhlYpg=">AAACEHicbVC7TsNAEDzzJrwMlDQnIgQ0kY1QoESkSRkkkiDFUXS+rMmJ80N3a0Rk+RNo+BUaChCipaTjb7g4LniNtNJoZvdud/xECo2O82nNzM7NLywuLVdWVtfWN+zNrY6OU8WhzWMZqyufaZAigjYKlHCVKGChL6Hr3zQmfvcWlBZxdInjBPohu45EIDhDIw3s/czzA9rMDzyEOyzey3yZQp55I4aF2cjzQzqwq07NKUD/ErckVVKiNbA/vGHM0xAi5JJp3XOdBPsZUyi4hLzipRoSxm/YNfQMjVgIup8VC+R0zyhDGsTKVIS0UL9PZCzUehz6pjNkONK/vYn4n9dLMTjtZyJKUoSITz8KUkkxppN06FAo4CjHhjCuhNmV8hFTjKPJsGJCcH+f/Jd0jmpuvVa/OK6enZdxLJEdsksOiEtOyBlpkhZpE07uySN5Ji/Wg/VkvVpv09YZq5zZJj9gvX8B42adIQ==</latexit>

H(Ĉ)
<latexit sha1_base64="GPnnwK7SFVOKDGkuv3o2xUV9fMg=">AAACIHicbZDLSgMxFIYzXmu9VV26CRZBN2VGRN0IxW66rGBtoVNKJj1jg5kLyRlpHeZR3Pgqblwoojt9GtOxC209EPj4/3OSk9+LpdBo25/W3PzC4tJyYaW4ura+sVna2r7WUaI4NHkkI9X2mAYpQmiiQAntWAELPAkt77Y29lt3oLSIwiscxdAN2E0ofMEZGqlXOk1dz6f3GT2nOdWzAxdhiPnNqScTyFJ3wDA3a1l2mMMw65XKdsXOi86CM4EymVSjV/pw+xFPAgiRS6Z1x7Fj7KZMoeASsqKbaIgZv2U30DEYsgB0N83XyOi+UfrUj5Q5IdJc/T2RskDrUeCZzoDhQE97Y/E/r5Ogf9ZNRRgnCCH/echPJMWIjtOifaGAoxwZYFwJsyvlA6YYR5Np0YTgTH95Fq6PKs5J5eTyuFy9mMRRILtkjxwQh5ySKqmTBmkSTh7IE3khr9aj9Wy9We8/rXPWZGaH/Cnr6xv9DKOI</latexit>

z = H(Ĉ)x
<latexit sha1_base64="ihzGQTtzeOFMwiEytGvdwV+XR7Y="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T

<latexit sha1_base64="X1jHEuhw6AoSPCpaVYUeNVkxgnQ=">AAACB3icbVDJSgNBEO2JW4xb1KMgjUHwFGZEosdgLh4jmAUyIfR0apImPQvdNWIY5ubFX/HiQRGv/oI3/8bOctDEBwWP96q6up4XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudTd8iQ1rKsVyzZZXsKukycOSmROeq94pfbj3gSQIhcMq07jh1jN2UKBZeQFdxEQ8z4iA2gY2jIAtDddLo/o6dG6VM/UqZCpFP190TKAq3HgWc6A4ZDvehNxP+8ToL+VTcVYZwghHy2yE8kxYhOQqF9oYCjHBvCuBLmr5QPmWIcTXQFE4KzePIyaZ6XnUq5cntRql7P48iTI3JCzohDLkmV3JA6aRBOHskzeSVv1pP1Yr1bH7PWnDWfOSR/YH3+AN2MmfI=</latexit>

Ĉ
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Ø How to gauge stability?

             Output 𝐳 must be robust to number of samples 𝑛 used to estimate

Ø Compare filter outputs for sample and true covariance matrix

            metric of interest:   
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Stability of coVariance filter 

<latexit sha1_base64="h6SBwPI7rU89RSlhTV/bqYhlYpg=">AAACEHicbVC7TsNAEDzzJrwMlDQnIgQ0kY1QoESkSRkkkiDFUXS+rMmJ80N3a0Rk+RNo+BUaChCipaTjb7g4LniNtNJoZvdud/xECo2O82nNzM7NLywuLVdWVtfWN+zNrY6OU8WhzWMZqyufaZAigjYKlHCVKGChL6Hr3zQmfvcWlBZxdInjBPohu45EIDhDIw3s/czzA9rMDzyEOyzey3yZQp55I4aF2cjzQzqwq07NKUD/ErckVVKiNbA/vGHM0xAi5JJp3XOdBPsZUyi4hLzipRoSxm/YNfQMjVgIup8VC+R0zyhDGsTKVIS0UL9PZCzUehz6pjNkONK/vYn4n9dLMTjtZyJKUoSITz8KUkkxppN06FAo4CjHhjCuhNmV8hFTjKPJsGJCcH+f/Jd0jmpuvVa/OK6enZdxLJEdsksOiEtOyBlpkhZpE07uySN5Ji/Wg/VkvVpv09YZq5zZJj9gvX8B42adIQ==</latexit>

H(Ĉ)
<latexit sha1_base64="GPnnwK7SFVOKDGkuv3o2xUV9fMg=">AAACIHicbZDLSgMxFIYzXmu9VV26CRZBN2VGRN0IxW66rGBtoVNKJj1jg5kLyRlpHeZR3Pgqblwoojt9GtOxC209EPj4/3OSk9+LpdBo25/W3PzC4tJyYaW4ura+sVna2r7WUaI4NHkkI9X2mAYpQmiiQAntWAELPAkt77Y29lt3oLSIwiscxdAN2E0ofMEZGqlXOk1dz6f3GT2nOdWzAxdhiPnNqScTyFJ3wDA3a1l2mMMw65XKdsXOi86CM4EymVSjV/pw+xFPAgiRS6Z1x7Fj7KZMoeASsqKbaIgZv2U30DEYsgB0N83XyOi+UfrUj5Q5IdJc/T2RskDrUeCZzoDhQE97Y/E/r5Ogf9ZNRRgnCCH/echPJMWIjtOifaGAoxwZYFwJsyvlA6YYR5Np0YTgTH95Fq6PKs5J5eTyuFy9mMRRILtkjxwQh5ySKqmTBmkSTh7IE3khr9aj9Wy9We8/rXPWZGaH/Cnr6xv9DKOI</latexit>

z = H(Ĉ)x
<latexit sha1_base64="ihzGQTtzeOFMwiEytGvdwV+XR7Y="></latexit>

Ĉ =
1

n→ 1

n∑

i=1

(xi → µ̂)(xi → µ̂)T

<latexit sha1_base64="X1jHEuhw6AoSPCpaVYUeNVkxgnQ=">AAACB3icbVDJSgNBEO2JW4xb1KMgjUHwFGZEosdgLh4jmAUyIfR0apImPQvdNWIY5ubFX/HiQRGv/oI3/8bOctDEBwWP96q6up4XS6HRtr+t3Mrq2vpGfrOwtb2zu1fcP2jqKFEcGjySkWp7TIMUITRQoIR2rIAFnoSWN6pN/NY9KC2i8A7HMXQDNgiFLzhDI/WKxy7CA07fST2ZQJamrudTd8iQ1rKsVyzZZXsKukycOSmROeq94pfbj3gSQIhcMq07jh1jN2UKBZeQFdxEQ8z4iA2gY2jIAtDddLo/o6dG6VM/UqZCpFP190TKAq3HgWc6A4ZDvehNxP+8ToL+VTcVYZwghHy2yE8kxYhOQqF9oYCjHBvCuBLmr5QPmWIcTXQFE4KzePIyaZ6XnUq5cntRql7P48iTI3JCzohDLkmV3JA6aRBOHskzeSVv1pP1Yr1bH7PWnDWfOSR/YH3+AN2MmfI=</latexit>

Ĉ

<latexit sha1_base64="h6SBwPI7rU89RSlhTV/bqYhlYpg=">AAACEHicbVC7TsNAEDzzJrwMlDQnIgQ0kY1QoESkSRkkkiDFUXS+rMmJ80N3a0Rk+RNo+BUaChCipaTjb7g4LniNtNJoZvdud/xECo2O82nNzM7NLywuLVdWVtfWN+zNrY6OU8WhzWMZqyufaZAigjYKlHCVKGChL6Hr3zQmfvcWlBZxdInjBPohu45EIDhDIw3s/czzA9rMDzyEOyzey3yZQp55I4aF2cjzQzqwq07NKUD/ErckVVKiNbA/vGHM0xAi5JJp3XOdBPsZUyi4hLzipRoSxm/YNfQMjVgIup8VC+R0zyhDGsTKVIS0UL9PZCzUehz6pjNkONK/vYn4n9dLMTjtZyJKUoSITz8KUkkxppN06FAo4CjHhjCuhNmV8hFTjKPJsGJCcH+f/Jd0jmpuvVa/OK6enZdxLJEdsksOiEtOyBlpkhZpE07uySN5Ji/Wg/VkvVpv09YZq5zZJj9gvX8B42adIQ==</latexit>

H(Ĉ)
<latexit sha1_base64="GPnnwK7SFVOKDGkuv3o2xUV9fMg=">AAACIHicbZDLSgMxFIYzXmu9VV26CRZBN2VGRN0IxW66rGBtoVNKJj1jg5kLyRlpHeZR3Pgqblwoojt9GtOxC209EPj4/3OSk9+LpdBo25/W3PzC4tJyYaW4ura+sVna2r7WUaI4NHkkI9X2mAYpQmiiQAntWAELPAkt77Y29lt3oLSIwiscxdAN2E0ofMEZGqlXOk1dz6f3GT2nOdWzAxdhiPnNqScTyFJ3wDA3a1l2mMMw65XKdsXOi86CM4EymVSjV/pw+xFPAgiRS6Z1x7Fj7KZMoeASsqKbaIgZv2U30DEYsgB0N83XyOi+UfrUj5Q5IdJc/T2RskDrUeCZzoDhQE97Y/E/r5Ogf9ZNRRgnCCH/echPJMWIjtOifaGAoxwZYFwJsyvlA6YYR5Np0YTgTH95Fq6PKs5J5eTyuFy9mMRRILtkjxwQh5ySKqmTBmkSTh7IE3khr9aj9Wy9We8/rXPWZGaH/Cnr6xv9DKOI</latexit>

z = H(Ĉ)x
<latexit sha1_base64="HUuxDe27WXdpzX5hHEGiGiieYu8=">AAACC3icbVC7SgNBFJ31GeMramkzGITYhF2RaBlMkzKCeUASwuzkbjI4+2DmrhiW7W38FRsLRWz9ATv/xskmhSYeuHA45965c48bSaHRtr+tldW19Y3N3FZ+e2d3b79wcNjSYaw4NHkoQ9VxmQYpAmiiQAmdSAHzXQlt96429dv3oLQIg1ucRND32SgQnuAMjTQonCQ916P1tNRDeMDsvUTBME0yvZamZ3RQKNplOwNdJs6cFMkcjUHhqzcMeexDgFwyrbuOHWE/YQoFl5Dme7GGiPE7NoKuoQHzQfeTbHdKT40ypF6oTAVIM/X3RMJ8rSe+azp9hmO96E3F/7xujN5VPxFBFCMEfLbIiyXFkE6DoUOhgKOcGMK4EuavlI+ZYhxNfHkTgrN48jJpnZedSrlyc1GsXs/jyJFjckJKxCGXpErqpEGahJNH8kxeyZv1ZL1Y79bHrHXFms8ckT+wPn8Az52a6Q==</latexit>

H(C)
<latexit sha1_base64="WtwQsQMhg2IczSdd7qdp2XQXzio=">AAACCXicbVA9SwNBEN3zM8avqKXNYhBiE+5Eoo0gprFUMFFIjrC3NxcX9z7YnRPjca2Nf8XGQhFb/4Gd/8bNJYUmPhh4vDezs/O8RAqNtv1tzczOzS8slpbKyyura+uVjc22jlPFocVjGatrj2mQIoIWCpRwnShgoSfhyrttDv2rO1BaxNElDhJwQ9aPRCA4QyP1KjTregF9oMf0rNZFuMfiyUyBn2fNfO8+71Wqdt0uQKeJMyZVMsZ5r/LV9WOehhAhl0zrjmMn6GZMoeAS8nI31ZAwfsv60DE0YiFoNyvW5nTXKD4NYmUqQlqovycyFmo9CD3TGTK80ZPeUPzP66QYHLmZiJIUIeKjRUEqKcZ0GAv1hQKOcmAI40qYv1J+wxTjaMIrmxCcyZOnSXu/7jTqjYuD6snpOI4S2SY7pEYcckhOyBk5Jy3CySN5Jq/kzXqyXqx362PUOmONZ7bIH1ifP/Lameg=</latexit>

z = H(C)x

<latexit sha1_base64="NsYLR0aZMUCeeYnj0+fsWf9OCjU=">AAACOnicbVC7TsMwFHV4lvIqMLJYVEgwUCUIFUZEl45ForRSU1WOe0MtnIfsG0QV8l0sfAUbAwsDCLHyAbhpBl5HsnR0zrm+9vFiKTTa9pM1Mzs3v7BYWiovr6yurVc2Ni91lCgObR7JSHU9pkGKENooUEI3VsACT0LHu25M/M4NKC2i8ALHMfQDdhUKX3CGRhpUzt271PV82sz2XIRbzG9MPZlAluaGO2JIG1m2Tw/oP0kFwyI4Dbl3g0rVrtk56F/iFKRKCrQGlUd3GPEkgBC5ZFr3HDvGfsoUCi4hK7uJhpjxa3YFPUNDFoDup/n6jO4aZUj9SJkTIs3V7xMpC7QeB55JBgxH+rc3Ef/zegn6J/1UhHGCEPLpIj+RFCM66ZEOhQKOcmwI40qYt1I+YopxNG2XTQnO7y//JZeHNadeq58fVU/PijpKZJvskD3ikGNySpqkRdqEk3vyTF7Jm/VgvVjv1sc0OmMVM1vkB6zPL5WUreE=</latexit>

→H(Ĉ)↑H(C)→
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Stability of coVariance filter 

coVariance filter output is 
asymptotically consistent
(Appendix A)

Stability result [Sihag et al., 2022]

Ø Output of coVariance filter over       converges to that over 

<latexit sha1_base64="h6SBwPI7rU89RSlhTV/bqYhlYpg=">AAACEHicbVC7TsNAEDzzJrwMlDQnIgQ0kY1QoESkSRkkkiDFUXS+rMmJ80N3a0Rk+RNo+BUaChCipaTjb7g4LniNtNJoZvdud/xECo2O82nNzM7NLywuLVdWVtfWN+zNrY6OU8WhzWMZqyufaZAigjYKlHCVKGChL6Hr3zQmfvcWlBZxdInjBPohu45EIDhDIw3s/czzA9rMDzyEOyzey3yZQp55I4aF2cjzQzqwq07NKUD/ErckVVKiNbA/vGHM0xAi5JJp3XOdBPsZUyi4hLzipRoSxm/YNfQMjVgIup8VC+R0zyhDGsTKVIS0UL9PZCzUehz6pjNkONK/vYn4n9dLMTjtZyJKUoSITz8KUkkxppN06FAo4CjHhjCuhNmV8hFTjKPJsGJCcH+f/Jd0jmpuvVa/OK6enZdxLJEdsksOiEtOyBlpkhZpE07uySN5Ji/Wg/VkvVpv09YZq5zZJj9gvX8B42adIQ==</latexit>

H(Ĉ)
<latexit sha1_base64="GPnnwK7SFVOKDGkuv3o2xUV9fMg=">AAACIHicbZDLSgMxFIYzXmu9VV26CRZBN2VGRN0IxW66rGBtoVNKJj1jg5kLyRlpHeZR3Pgqblwoojt9GtOxC209EPj4/3OSk9+LpdBo25/W3PzC4tJyYaW4ura+sVna2r7WUaI4NHkkI9X2mAYpQmiiQAntWAELPAkt77Y29lt3oLSIwiscxdAN2E0ofMEZGqlXOk1dz6f3GT2nOdWzAxdhiPnNqScTyFJ3wDA3a1l2mMMw65XKdsXOi86CM4EymVSjV/pw+xFPAgiRS6Z1x7Fj7KZMoeASsqKbaIgZv2U30DEYsgB0N83XyOi+UfrUj5Q5IdJc/T2RskDrUeCZzoDhQE97Y/E/r5Ogf9ZNRRgnCCH/echPJMWIjtOifaGAoxwZYFwJsyvlA6YYR5Np0YTgTH95Fq6PKs5J5eTyuFy9mMRRILtkjxwQh5ySKqmTBmkSTh7IE3khr9aj9Wy9We8/rXPWZGaH/Cnr6xv9DKOI</latexit>

z = H(Ĉ)x
<latexit sha1_base64="HUuxDe27WXdpzX5hHEGiGiieYu8=">AAACC3icbVC7SgNBFJ31GeMramkzGITYhF2RaBlMkzKCeUASwuzkbjI4+2DmrhiW7W38FRsLRWz9ATv/xskmhSYeuHA45965c48bSaHRtr+tldW19Y3N3FZ+e2d3b79wcNjSYaw4NHkoQ9VxmQYpAmiiQAmdSAHzXQlt96429dv3oLQIg1ucRND32SgQnuAMjTQonCQ916P1tNRDeMDsvUTBME0yvZamZ3RQKNplOwNdJs6cFMkcjUHhqzcMeexDgFwyrbuOHWE/YQoFl5Dme7GGiPE7NoKuoQHzQfeTbHdKT40ypF6oTAVIM/X3RMJ8rSe+azp9hmO96E3F/7xujN5VPxFBFCMEfLbIiyXFkE6DoUOhgKOcGMK4EuavlI+ZYhxNfHkTgrN48jJpnZedSrlyc1GsXs/jyJFjckJKxCGXpErqpEGahJNH8kxeyZv1ZL1Y79bHrHXFms8ckT+wPn8Az52a6Q==</latexit>

H(C)
<latexit sha1_base64="WtwQsQMhg2IczSdd7qdp2XQXzio=">AAACCXicbVA9SwNBEN3zM8avqKXNYhBiE+5Eoo0gprFUMFFIjrC3NxcX9z7YnRPjca2Nf8XGQhFb/4Gd/8bNJYUmPhh4vDezs/O8RAqNtv1tzczOzS8slpbKyyura+uVjc22jlPFocVjGatrj2mQIoIWCpRwnShgoSfhyrttDv2rO1BaxNElDhJwQ9aPRCA4QyP1KjTregF9oMf0rNZFuMfiyUyBn2fNfO8+71Wqdt0uQKeJMyZVMsZ5r/LV9WOehhAhl0zrjmMn6GZMoeAS8nI31ZAwfsv60DE0YiFoNyvW5nTXKD4NYmUqQlqovycyFmo9CD3TGTK80ZPeUPzP66QYHLmZiJIUIeKjRUEqKcZ0GAv1hQKOcmAI40qYv1J+wxTjaMIrmxCcyZOnSXu/7jTqjYuD6snpOI4S2SY7pEYcckhOyBk5Jy3CySN5Jq/kzXqyXqx362PUOmONZ7bIH1ifP/Lameg=</latexit>

z = H(C)x
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Ø VNNs inherit the stability from coVariance filters

• Stability bound depends on the bound for filters 

• For a VNN with	𝐿 layers and 𝐹 filters in parallel, 

• Stability bound increases with number of layers and size of filter banks

Stability of VNNs

14/53

Covariance Neural Networks (VNNs)
Neural Network definition

↭ Covariance Neural Networks:
→ A VNN layer is a covariance filterbank followed by a non-linearity ω

→ u
l
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Stability of VNNs: Experiments on age prediction task

VNN: coVariance Neural Network    

PCA-LR: PCA-regression with linear kernel     

PCA-rbf: PCA regression with rbf kernel

Ø Regression task

Ø Comparison against PCA-regression
      Data: cortical thickness dataset (𝑚 = 104) from (𝑛 = 341) human subjects 

Ø Metric: MAE (mean absolute error)

VNN
Cortical thickness

data 
Estimate of age 

VNN outperforms PCA and is more stable
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Stable and Interpretable Brain Age Gap Prediction 
with VNNs
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VNNs provide an anatomically interpretable and explainable brain age gap

VNNCortical 
thickness 

Σ Predicted age
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VNNs provide an anatomically interpretable and explainable brain age gap

VNNCortical 
thickness 

Σ Predicted age

Unweighted readout function
(keeps track of how residuals change in target population) 
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VNNs provide an anatomically interpretable and explainable brain age gap

Brain regions with elevated 
regional residuals in neurodegeneration

Regional 
Residual

VNNCortical 
thickness 

Σ Predicted age
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VNNs provide an anatomically interpretable and explainable brain age gap

Brain regions with elevated 
regional residuals in neurodegeneration

Contributing regions to elevated 
brain age gap in neurodegeneration

Regional 
Residual

VNNCortical 
thickness 

Age-bias 
correction

Brain age gap = 
Bias-corrected VNN 

output – True age
Σ
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Ø Participants from OASIS-3 dataset, 148 cortical thickness features per individual           
                                                                                                                             (Distrieux brain atlas) 

HC AD
Number 611 194

Age 68.38 (7.62) 74.72 (7.02)

Sex (m/f) 260/351 100/94
CDR sum of boxes 0 3.45 (1.74)

CDR: Clinical dementia rating

92

Ø Brain age gap is elevated in AD group and correlated with CDR sum of boxes

Anatomical interpretability

HC group: cognitively normal
AD group: AD diagnosis

Experiments



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications

Ø VNN distinctly exploits eigenvectors of covariance matrix in AD and HC groups

              explains anatomical interpretability of brain age gap in AD

93

NIFD, and PPMI datasets, and the associated results for APD
and FTD disease groups are illustrated in Fig. 3b and Fig. 3c,
respectively. The HC group for 4RTNI and NIFD datasets
was the same and had !-Age = 0 ± 2.33 years. The !-Age
for FTD disease group was 6.17± 4.55 years and that for the
APD group was 2.49±3.09 years, suggesting that FTD group
exhibited more significant accelerated aging. The !-Age in
FTD group was characterized by superior frontal region in
the left hemisphere, bilateral entorhinal, parahippocampal,
and superior temporal regions, and relatively less prominent
contributions from bilateral precentral regions, which are part
of the motor cortex. FTD is characterized by neurodegener-
ation in the regions in frontal and temporal lobes [27], and
hence, the anatomic characterization in Fig. 3c captures their
impact in the form of elevated !-Age. The !-Age in APD
group was characterized by brain regions comprising bilat-
eral superior temporal, precentral, and occipital lobes. The
CBS and PSP pathologies in APD group exhibit symptoms
similar to PD in terms of motor dysfunction, but are also char-
acterized by cognitive dysfunction and typically rapid decline
in function relative to PD [28]. Hence, the implication of
regions in the motor cortex and occipital lobe in Fig. 3b is
relevant to the disease characteristic in APD. Interestingly,
unlike the other disease groups, no significant difference in
!-Age was observed in the PD group relative to its respective
HC group (Fig. 4).

Explainability of !-Age. Next, we analyzed the inner prod-
ucts between the regional residuals derived from the represen-
tations learned by VNNs and the eigenvectors of the anatomi-
cal covariance matrix. The eigenvectors of the anatomical co-
variance matrix were organized from 0 to 67, with the eigen-
vector 0 associated with the largest eigenvalue and the 67-
th eigenvector associated with the smallest eigenvalue. The
inner product metrics were significantly different (ANOVA,
p-value < 0.0001) between the AD group and HC groups
for the eigenvectors 0, 1, 2, and 6 of the anatomical covari-
ance matrix (Fig. 5a). Thus, the VNN model processed the
cortical thickness features for AD group significantly differ-
ent relative to the HC group leading to distinct distributions
in !-Age in Fig. 3a, and these differences were dictated by
variations in how the VNN exploited the eigenvectors of the
anatomical covariance matrix for AD and HC groups.

Similar results were obtained for the FTD cohort, where
the most significant group differences in the inner prod-
uct measures were observed for eigenvectors 0, 1, 4, and 5
(Fig. 5b). Thus, the variations in how the VNN exploited the
eigenvectors of the anatomical covariance matrix for FTD
and HC groups explained the variations in !-Age in Fig. 3c.
Notably, the inner product measures were significantly differ-
ent between the APD and HC groups only for eigenvector 8,
which explains the relatively smaller elevation in !-Age in
the APD group relative to FTD or AD groups in Fig. 3.

Fig. 4. !-Age for PD and respective HC group.

Fig. 5. Explaining !-Age in disease groups ((a) AD and (b)
FTD) in terms of the group differences between inner prod-
ucts of VNN representations and eigenvectors of anatomical
covariance matrices. (→→→→ : p-value → 1 exp↑4)

5. DISCUSSION

The results in Fig. 3 illustrate that the distributions of !-Age
estimates can be substantially overlapping across different
diseases. Hence, !-Age, by itself, is not a sufficient indi-
cator to characterize a disease. In this context, the anatomic
characterization of !-Age offered by VNN embellishes its
informative aspect about neurodegeneration. Notably, the
anatomic characterizations of !-Age for AD, FTD, and ATP
disease groups were unique and characteristic of the respec-
tive diseases.
Comparison with existing literature. Existing studies in
this domain are focused primarily on brain age prediction,
which is to be contrasted with this paper’s focus on !-Age
prediction. Moreover, existing studies utilize the state-of-
the-art post-hoc, model-agnostic methods, such as, SHAP,
LIME [29], saliency maps [30], and layer-wise relevance
propagation [31] to explain the brain age predictions. These
methods add anatomical interpretability to brain age esti-
mates by assigning some importance to the input features
(often associated with specific anatomic regions). Unlike
these approaches, we leverage the inherent explainability
of the VNN model and our results bring into focus the the
properties that a VNN gains when it is exposed to the infor-
mation provided by chronological age of healthy controls and
whether and how these properties translate to a meaningful
!-Age estimate.

Experiments
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Experiments: Brain age gap in FTD
Ø Whole brain cortical thickness dataset for Frontotemporal Dementia (FTD)

• Healthy controls (HC, n =114,  age = 64.51 ± 6.51 years, 65 females) 
• FTD diagnosis (FTD, n =119,  age = 64.72 ± 6.78 years, 47 females) 

Ø 68 cortical thickness features (Desikan-Killiany atlas)

Anatomic interpretabilityBrain age gap distributions Explaining anatomic interpretability
 set. The training set was further split into a subset of 498

individuals and a validation set of 70 individuals. The VNN
was trained to predict chronological age on the subset of 498
individuals with mean squared error loss optimized using
stochastic gradient descent with Adam optimizer for up to
100 epochs. The configuration with the best performance on
the validation set of 70 individuals was selected.

The first layer of VNN consisted of 2 filter taps and the
second layer consisted of 6 filter taps, with width 61. Thus,
in total, VNN model consisted of 22, 570 learnable parame-
ters. The batch size used for training was 10 and the learning
rate was 0.15. The hyperparameters for the VNN architecture
and training were decided during a hyperoptimization proce-
dure based on Optuna [24]. Using this strategy, we trained 10
distinct VNN models with different permutations of the train-
ing set. These models achieved a prediction performance of
7.25 ± 0.51 years on the test set and 6.33 years on the com-
plete dataset, with a Pearson’s correlation of 0.44 ± 0.014.
Thus, the statistical evidence suggested that VNNs learned in-
formation about healthy aging, even though they were weak
predictors of chronological age. The results reported in this
paper are derived from one pre-trained VNN model among
the 10 that were pre-trained using the above procedure.
Anatomically interpretable and explainable !-Age pre-
diction. The pre-trained VNN model facilitated the predic-
tion of !-Age and associated anatomic interpretability and
explainability for the cohorts associated with neurodegenera-
tive conditions in Section 3.1. Figure 2 provides an overview
of VNN-based pipeline for !-Age prediction.

• Evaluating !-Age. !-Age is evaluated as the difference
between brain age and chronological age. Brain age was
evaluated from the chronological age estimates formed by
the VNN with application of a standard linear regression-
based approach [25]; the weights of linear regression
model learned from the HC populations in the respective
datasets in Section 3.1.

• Assigning anatomical interpretability to !-Age. Elevated
!-Age in disease groups could be attributed to the sta-
tistical patterns in the representations formed by the pre-
trained VNN in its final layer. Since the convolution op-
erations in VNN preserve the original dimensionality of
the input data, the representations at the final layer could
be mapped to individual brain regions. Hence, we evalu-
ated a set of regional residuals ri for each brain region i,
which were defined as the difference between the chrono-
logical estimate and the output in the final layer of the
VNN corresponding to that brain region. The elevations
in the regional residuals directly contribute to elevated !-
Age [10, Section 3.3].

• Explainability of !-Age. The representations are learned
by the VNN, in part, by transforming the input data ac-
cording to the eigenspectrum of the anatomical covariance
matrix [11]. By leveraging this fact, we characterize the
explainability of !-Age by evaluating the inner products

Fig. 3. Brain age estimates and associated anatomic charac-
terizations for (a) AD, (b) APD, and (c) FTD.

between the regional residuals derived from representa-
tions learned by the VNN and the eigenvectors of the
anatomical covariance matrix. We anticipate to observe
significant differences in terms of these inner product
metrics for disease groups and healthy populations. These
experiments will elucidate how VNN processed the corti-
cal thickness information from disease groups differently
relative to the healthy population, thus lending explain-
ability to the evaluation of the downstream statistic of
!-Age in different cohorts.

4. RESULTS

For each disease dataset, we used the anatomical covariance
matrix estimated only from the respective HC group in the
pre-trained VNN model. VNN was oblivious to the identity
or any information about the disease. Figure 3 illustrates that
elevated !-Age was observed for AD, ATP, and FTD relative
to their respective HC groups. The !-Age for AD group was
4.67±4.04 years, which was elevated relative to the HC group
in this dataset (!-Age for HC: 0 ± 2.91 years). Figure 3a
also illustrates the anatomic characterization of elevated !-
Age in AD group. The anatomic characterization was derived
by plotting the F -values for ANOVA between individual ele-
ments of the representations generated by the VNN model for
AD and HC groups on the brain surface (only for group differ-
ences that had AD > HC and survived Bonferroni correction
for multiple comparisons with p-value < 0.05). The direc-
tionality AD > HC is relevant to !-Age as the rise in the in-
dividual elements of the representations learned by VNN for
a disease group contributed to the elevated !-Age estimate
relative to healthy population [10]. The anatomic characteri-
zation for !-Age in AD spanned bilateral regions in the me-
dial temporal lobe, entorhinal, and temporo-parietal junction,
which are relevant regions for AD pathology [26]. Consis-
tent results were observed in the prior work on VNN-based
!-Age prediction [10].

Similar analysis procedures were followed for 4RTNI,

set. The training set was further split into a subset of 498
individuals and a validation set of 70 individuals. The VNN
was trained to predict chronological age on the subset of 498
individuals with mean squared error loss optimized using
stochastic gradient descent with Adam optimizer for up to
100 epochs. The configuration with the best performance on
the validation set of 70 individuals was selected.

The first layer of VNN consisted of 2 filter taps and the
second layer consisted of 6 filter taps, with width 61. Thus,
in total, VNN model consisted of 22, 570 learnable parame-
ters. The batch size used for training was 10 and the learning
rate was 0.15. The hyperparameters for the VNN architecture
and training were decided during a hyperoptimization proce-
dure based on Optuna [24]. Using this strategy, we trained 10
distinct VNN models with different permutations of the train-
ing set. These models achieved a prediction performance of
7.25 ± 0.51 years on the test set and 6.33 years on the com-
plete dataset, with a Pearson’s correlation of 0.44 ± 0.014.
Thus, the statistical evidence suggested that VNNs learned in-
formation about healthy aging, even though they were weak
predictors of chronological age. The results reported in this
paper are derived from one pre-trained VNN model among
the 10 that were pre-trained using the above procedure.
Anatomically interpretable and explainable !-Age pre-
diction. The pre-trained VNN model facilitated the predic-
tion of !-Age and associated anatomic interpretability and
explainability for the cohorts associated with neurodegenera-
tive conditions in Section 3.1. Figure 2 provides an overview
of VNN-based pipeline for !-Age prediction.

• Evaluating !-Age. !-Age is evaluated as the difference
between brain age and chronological age. Brain age was
evaluated from the chronological age estimates formed by
the VNN with application of a standard linear regression-
based approach [25]; the weights of linear regression
model learned from the HC populations in the respective
datasets in Section 3.1.

• Assigning anatomical interpretability to !-Age. Elevated
!-Age in disease groups could be attributed to the sta-
tistical patterns in the representations formed by the pre-
trained VNN in its final layer. Since the convolution op-
erations in VNN preserve the original dimensionality of
the input data, the representations at the final layer could
be mapped to individual brain regions. Hence, we evalu-
ated a set of regional residuals ri for each brain region i,
which were defined as the difference between the chrono-
logical estimate and the output in the final layer of the
VNN corresponding to that brain region. The elevations
in the regional residuals directly contribute to elevated !-
Age [10, Section 3.3].

• Explainability of !-Age. The representations are learned
by the VNN, in part, by transforming the input data ac-
cording to the eigenspectrum of the anatomical covariance
matrix [11]. By leveraging this fact, we characterize the
explainability of !-Age by evaluating the inner products
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between the regional residuals derived from representa-
tions learned by the VNN and the eigenvectors of the
anatomical covariance matrix. We anticipate to observe
significant differences in terms of these inner product
metrics for disease groups and healthy populations. These
experiments will elucidate how VNN processed the corti-
cal thickness information from disease groups differently
relative to the healthy population, thus lending explain-
ability to the evaluation of the downstream statistic of
!-Age in different cohorts.

4. RESULTS

For each disease dataset, we used the anatomical covariance
matrix estimated only from the respective HC group in the
pre-trained VNN model. VNN was oblivious to the identity
or any information about the disease. Figure 3 illustrates that
elevated !-Age was observed for AD, ATP, and FTD relative
to their respective HC groups. The !-Age for AD group was
4.67±4.04 years, which was elevated relative to the HC group
in this dataset (!-Age for HC: 0 ± 2.91 years). Figure 3a
also illustrates the anatomic characterization of elevated !-
Age in AD group. The anatomic characterization was derived
by plotting the F -values for ANOVA between individual ele-
ments of the representations generated by the VNN model for
AD and HC groups on the brain surface (only for group differ-
ences that had AD > HC and survived Bonferroni correction
for multiple comparisons with p-value < 0.05). The direc-
tionality AD > HC is relevant to !-Age as the rise in the in-
dividual elements of the representations learned by VNN for
a disease group contributed to the elevated !-Age estimate
relative to healthy population [10]. The anatomic characteri-
zation for !-Age in AD spanned bilateral regions in the me-
dial temporal lobe, entorhinal, and temporo-parietal junction,
which are relevant regions for AD pathology [26]. Consis-
tent results were observed in the prior work on VNN-based
!-Age prediction [10].

Similar analysis procedures were followed for 4RTNI,

NIFD, and PPMI datasets, and the associated results for APD
and FTD disease groups are illustrated in Fig. 3b and Fig. 3c,
respectively. The HC group for 4RTNI and NIFD datasets
was the same and had !-Age = 0 ± 2.33 years. The !-Age
for FTD disease group was 6.17± 4.55 years and that for the
APD group was 2.49±3.09 years, suggesting that FTD group
exhibited more significant accelerated aging. The !-Age in
FTD group was characterized by superior frontal region in
the left hemisphere, bilateral entorhinal, parahippocampal,
and superior temporal regions, and relatively less prominent
contributions from bilateral precentral regions, which are part
of the motor cortex. FTD is characterized by neurodegener-
ation in the regions in frontal and temporal lobes [27], and
hence, the anatomic characterization in Fig. 3c captures their
impact in the form of elevated !-Age. The !-Age in APD
group was characterized by brain regions comprising bilat-
eral superior temporal, precentral, and occipital lobes. The
CBS and PSP pathologies in APD group exhibit symptoms
similar to PD in terms of motor dysfunction, but are also char-
acterized by cognitive dysfunction and typically rapid decline
in function relative to PD [28]. Hence, the implication of
regions in the motor cortex and occipital lobe in Fig. 3b is
relevant to the disease characteristic in APD. Interestingly,
unlike the other disease groups, no significant difference in
!-Age was observed in the PD group relative to its respective
HC group (Fig. 4).

Explainability of !-Age. Next, we analyzed the inner prod-
ucts between the regional residuals derived from the represen-
tations learned by VNNs and the eigenvectors of the anatomi-
cal covariance matrix. The eigenvectors of the anatomical co-
variance matrix were organized from 0 to 67, with the eigen-
vector 0 associated with the largest eigenvalue and the 67-
th eigenvector associated with the smallest eigenvalue. The
inner product metrics were significantly different (ANOVA,
p-value < 0.0001) between the AD group and HC groups
for the eigenvectors 0, 1, 2, and 6 of the anatomical covari-
ance matrix (Fig. 5a). Thus, the VNN model processed the
cortical thickness features for AD group significantly differ-
ent relative to the HC group leading to distinct distributions
in !-Age in Fig. 3a, and these differences were dictated by
variations in how the VNN exploited the eigenvectors of the
anatomical covariance matrix for AD and HC groups.

Similar results were obtained for the FTD cohort, where
the most significant group differences in the inner prod-
uct measures were observed for eigenvectors 0, 1, 4, and 5
(Fig. 5b). Thus, the variations in how the VNN exploited the
eigenvectors of the anatomical covariance matrix for FTD
and HC groups explained the variations in !-Age in Fig. 3c.
Notably, the inner product measures were significantly differ-
ent between the APD and HC groups only for eigenvector 8,
which explains the relatively smaller elevation in !-Age in
the APD group relative to FTD or AD groups in Fig. 3.

Fig. 4. !-Age for PD and respective HC group.

Fig. 5. Explaining !-Age in disease groups ((a) AD and (b)
FTD) in terms of the group differences between inner prod-
ucts of VNN representations and eigenvectors of anatomical
covariance matrices. (→→→→ : p-value → 1 exp↑4)

5. DISCUSSION

The results in Fig. 3 illustrate that the distributions of !-Age
estimates can be substantially overlapping across different
diseases. Hence, !-Age, by itself, is not a sufficient indi-
cator to characterize a disease. In this context, the anatomic
characterization of !-Age offered by VNN embellishes its
informative aspect about neurodegeneration. Notably, the
anatomic characterizations of !-Age for AD, FTD, and ATP
disease groups were unique and characteristic of the respec-
tive diseases.
Comparison with existing literature. Existing studies in
this domain are focused primarily on brain age prediction,
which is to be contrasted with this paper’s focus on !-Age
prediction. Moreover, existing studies utilize the state-of-
the-art post-hoc, model-agnostic methods, such as, SHAP,
LIME [29], saliency maps [30], and layer-wise relevance
propagation [31] to explain the brain age predictions. These
methods add anatomical interpretability to brain age esti-
mates by assigning some importance to the input features
(often associated with specific anatomic regions). Unlike
these approaches, we leverage the inherent explainability
of the VNN model and our results bring into focus the the
properties that a VNN gains when it is exposed to the infor-
mation provided by chronological age of healthy controls and
whether and how these properties translate to a meaningful
!-Age estimate.
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Transferability of VNN-derived Brain age gap
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Empirical evidence of transferability across multiscale data

Ø Transferability across multiscale datasets

• Multiscale datasets capture same phenomenon at different scales

Brain imaging 
data 

Estimate of age 

Transferability across datasets with different number of features

5.39 ±	0.084

100-feature dataset 300-feature dataset

Testing
Training

100-feature dataset
5.5 ±	0.101

VNN
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Brain imaging data curated according to different atlases

Evaluation plan

• Neuroimaging data analyses

• Remote sensing

2

Machine Learning with VNNs

• Theoretical principles 
 
      - bridging the gap between neural networks and traditional statistical learning (PCA)
      
      - guarantees on robustness and stability         reproducible decisions
  
      - transferability of models across heterogeneous datasets

• Credible machine learning solution for brain health assessment
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Foundation Models for Neuroscience
• Pre-trained ML models (foundation models) for biomarkers from data analyses in neuroscience

Multi-scale brain data
C

Brain health 
status

VNN
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Transferability

Ø Learning models could generalize to compatible datasets 

Ø Compatible: different dimensionalities and describing the same domain

 

Ø Motivation: robustness to choice of brain atlas, novel metric for 

generalizability, managing high dimensional data…
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Ø Most statistical approaches, including PCA, operate within the dimensionality 

                seamless transference not possible across different dimensionalities

Ø This section: How do VNNs transfer? 

  

98

Transferability

Evaluation plan

• Neuroimaging data analyses

• Remote sensing

2

Machine Learning with VNNs

• Theoretical principles 
 
      - bridging the gap between neural networks and traditional statistical learning (PCA)
      
      - guarantees on robustness and stability         reproducible decisions
  
      - transferability of models across heterogeneous datasets

• Credible machine learning solution for brain health assessment
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Foundation Models for Neuroscience
• Pre-trained ML models (foundation models) for biomarkers from data analyses in neuroscience

Multi-scale brain data
C

Brain health 
status

VNN
Credit: Mustafa Aksoy, UAlbany
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coVariance filters are scale-free models

learnable parameters
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m1-dimensional data processing

ØA coVariance filter           with scalar filter taps {ℎ(}	can process dataset (covariance matrix) 
of any arbitrary dimensionality: scale-free model
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VNNs as scale-free models

VNN VNN

learnable parameters

(Appendix B)
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VNNs are provably transferable  

VNN VNN

0 1

learnable parameters

0 1

Transferability bound
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VNN-derived brain age gap is transferable  

Consistent 
results derived 
by same VNN 
across distinct 
datasets 
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Experiments
Objective: Brain age gap prediction in HC (healthy) and AD+ (Alzheimer’s) cohorts from 
VNNs trained on 100-feature dataset [Sihag et al., NeurIPS, 2024, JSTSP 2024, SPM 2025]

• ROIs contributing to elevated 
brain age gap in AD+ across 
different resolutions

300 parcels 500 parcels100 parcels

• Brain age gap is elevated in 
AD+ w.r.t HC cohort in 100-
feature dataset

• Results on brain age gap 
retained after transferring 
VNN to 300 and 500-feature 
datasets

FTDC300 FTDC500FTDC100*
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Understanding Disease Heterogeneity with 
VNN-derived Brain Age Gap
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AI has shown much promise in research, but challenges for practical adoption exist…

Past two decades of AI research has shown that

Ø AI can bring automation to radiology workflows

Ø AI methods are more sensitive to detecting 
      pathology patterns than radiologists

Ø AI provides a data-centric assessment of MRI

Challenges to 
practical adoption of 

AI in clinical 
workflows

Reproducibility

Black-box
Generalizability 

to patient 
populations

NEED
credible AI-based algorithms (robust, transparent, generalizable) 

for assessing brain MRI to reduce the error rate of radiologists

105
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VNN provides brain health assessment based on abnormal atrophy patterns

Brain age gap predicted by VNN  ∝	 individual risks/severity of adverse health conditions 

VNN

Brain regions 
contributing to 
elevated brain age 
relative to controls

VNN

88 years

57 years

Brain age exceeds 
true age by 31 years

86 years
83 years

Brain age exceeds 
true age by 3 years

MRI scan Pre-processing VNN-driven outcomes

Brain regions 
contributing to 
elevated brain age 
relative to controls

Scenario 1
(severe atrophy)

Scenario 2
(mild atrophy)

segmentation quantification

segmentation quantification
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Example 1: A cognitively healthy individual (age: 55 years)

Brain age = 55.1 years

Example 2: An individual diagnosed with progressive non-fluent aphasia (age: 77 years)

Brain age = 84 years

Example 3: An individual diagnosed with Alzheimer’s disease (age: 84 years)

Brain age = 88 years

Example 4: An individual diagnosed with mild cognitive impairment (age: 75 years)

Brain age = 87 years

VNN-driven outputs

Brain regions contributing to elevated brain age

VNN provides brain health assessment based on abnormal atrophy patterns

107
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VNN adds data-driven sensitivity and specificity to MRI assessment

Ø Extensive reliance on visual inspection for MRI assessment; market products offer 
quantification of MRI 

MRI quantification adds redundancy of
information

Adds limited diagnostic value (still prone 
to human errors)

Ø Typical deep learning approaches provide (opaque) assessment of brain health from MRI

Decision cannot be explained

Adds automation but no diagnostic value

NeuroQuant®

AI-based decision on the health 
of the brain

Neuroreader®

108
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VNN adds data-driven sensitivity and specificity to MRI assessment

Ø Extensive reliance on visual inspection for MRI assessment; market products offer 
quantification of MRI 

Ø VNN provides transparent assessment of brain health from MRI

MRI quantification adds redundancy of
information

Adds limited diagnostic value (still prone 
to human errors)

Ø Typical deep learning approaches provide (opaque) assessment of brain health from MRI

Decision cannot be explained

Adds automation but no diagnostic value

NeuroQuant®

AI-based decision on the health 
of the brain

Neuroreader®
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VNN-based decision on the 
health of the brain

Explanation of 
decision

VNN provides verifiable biological sensitivity 
for any health condition with atrophy 

Adds automation and diagnostic value 
MRI scan
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Ø Neurodegenerative diseases are heterogeneous

o Genetic factors (for e.g., certain mutations may 
      increase disease susceptibility

o Clinical Phenotypes: Highly variable symptom 
      clusters and progression rates

o Selective Vulnerability: Differential cellular 
resilience and regional brain sensitivity to 
neurodegenerative stress factors

Heterogeneity in disease populations
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Heterogeneity in disease populations
Ø Neurodegenerative diseases are heterogeneous

o Genetic factors (for e.g., certain mutations may 
      increase disease susceptibility

o Clinical Phenotypes: Highly variable symptom 
      clusters and progression rates

o Selective Vulnerability: Differential cellular 
resilience and regional brain sensitivity to 
neurodegenerative stress factors

AI models must be heterogeneity-aware 
(understand limits and effectiveness for targeted 

deployment)
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Exploring disease heterogeneity with VNN-derived brain age gap 
Ø Alzheimer’s disease: Brain age gap in Amyloid positive versus Amyloid negative groups

       (Baseline findings on ADNI Dataset)

Ø Amyloid positive individuals in MCI and Dementia groups have larger brain age gap
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Ø Alzheimer’s disease: Brain age gap in Amyloid positive versus Amyloid negative groups
       (Longitudinal findings on ADNI Dataset)

Ø Amyloid positive individuals in MCI and Dementia groups have larger brain age gap

Exploring disease heterogeneity with VNN-derived brain age gap 
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VNNs as pre-trained models for stratification 
Ø Uncovering disease heterogeneity with VNNs as pre-trained models

Ø VNNs offer more significant clinical stratification than raw anatomical features 

VNN enhances the 
clinical relevance of 
anatomical features 
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Variants of VNNs
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Are VNNs enough?

Ø  Limitations of VNNs

• Sample covariance could be poor quality in low data, high dimensionality 

setting

• High computational cost (quadratic in size for dense covariance)

• No considerations of temporal, evolving data

• Prone to undesired bias within the data
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Low data, high dimensional settings

Ø Sample covariance matrix is dense

       noisy entries in low data, high dimensional settings

             computationally inefficient VNNs (quadratic complexity)
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Low data, high dimensional settings

Ø Sample covariance matrix is dense

       noisy entries in low data, high dimensional settings

             computationally inefficient VNNs (quadratic complexity)

Ø Solution: sparsify the sample covariance matrix

• If true covariance is sparse:

o Improve estimation quality

o Common in biomedical applications
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Low data, high dimensional settings

Ø Sample covariance matrix is dense

       noisy entries in low data, high dimensional settings

             computationally inefficient VNNs (quadratic complexity)

Ø Solution: sparsify the sample covariance matrix

• If true covariance is sparse:

o Improve estimation quality

o Common in biomedical applications

 

• For generic covariance:

o Improve computational efficiency



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications 120

Sparse VNNs

Ø Sparse VNNs: sparsify the covariance matrix with thresholding techniques

S-VNN
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Sparse Covariance Neural Networks (S-VNNs)
Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
t, 0 otherwise

→ Stability bound:

↔H(C̄)x↗H(C)x↔ ↘ t→1/2Pc0
√

N logN(1 +
↓
2N) +O

(
t→1) .

→ c0 is number of non-zero elements in C̄, and c0 ≃ ↔C↔ ⇐ better stability!

Empirical covariance Hard-thr covariance Soft-thr covariance True covariance
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Sparse Covariance Neural Networks (S-VNNs)
Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
t, 0 otherwise

→ Stability bound:

↔H(C̄)x↗H(C)x↔ ↘ t→1/2Pc0
√

N logN(1 +
↓
2N) +O

(
t→1) .

→ c0 is number of non-zero elements in C̄, and c0 ≃ ↔C↔ ⇐ better stability!

Empirical covariance Hard-thr covariance Soft-thr covariance True covarianceSample covariance Sparsified covariance

[Cavallo et al., 2024]
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Sparse VNNs

Ø Sparse VNNs: sparsify the covariance matrix with thresholding techniques

• What thresholding techniques?

• Are sparse VNNs stable?

27/53

Sparse Covariance Neural Networks (S-VNNs)
Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
t, 0 otherwise

→ Stability bound:

↔H(C̄)x↗H(C)x↔ ↘ t→1/2Pc0
√

N logN(1 +
↓
2N) +O

(
t→1) .

→ c0 is number of non-zero elements in C̄, and c0 ≃ ↔C↔ ⇐ better stability!

Empirical covariance Hard-thr covariance Soft-thr covariance True covariance
S-VNN
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Sparse Covariance Neural Networks (S-VNNs)
Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
t, 0 otherwise

→ Stability bound:

↔H(C̄)x↗H(C)x↔ ↘ t→1/2Pc0
√

N logN(1 +
↓
2N) +O

(
t→1) .

→ c0 is number of non-zero elements in C̄, and c0 ≃ ↔C↔ ⇐ better stability!

Empirical covariance Hard-thr covariance Soft-thr covariance True covarianceSample covariance Sparsified covariance

questions to address 

[Cavallo et al., 2024]
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Hard thresholding

Ø Definition
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ω(Ĉ)ij = ĉij if |ĉij | → ε/
↑
n, 0 otherwise
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→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
t, 0 otherwise

→ Stability bound:

↔H(C̄)x↗H(C)x↔ ↘ t→1/2Pc0
√

N logN(1 +
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(
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Hard thresholding

Ø Definition

Ø Stability bound
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Sparse Covariance Neural Networks (S-VNNs)
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↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
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c0: number of non-zero elements in Ĉthr

[Cavallo et al., 2024]
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Hard thresholding

Ø Definition

Ø Stability bound

Ø Stability bound for S-VNNs is tighter than dense VNNs 

<latexit sha1_base64="knIU1/3eqcUHN2Cqg3AOqkwizPA="></latexit>
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Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Hard thresholding:
→ Definition: ω(Ĉ)ij = ĉij if |ĉij | ↑ ε/

↓
t, 0 otherwise

→ Stability bound:

↔H(C̄)x↗H(C)x↔ ↘ t→1/2Pc0
√

N logN(1 +
↓
2N) +O

(
t→1) .

→ c0 is number of non-zero elements in C̄, and c0 ≃ ↔C↔ ⇐ better stability!

Empirical covariance Hard-thr covariance Soft-thr covariance True covariance
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c0: number of non-zero elements in Ĉthr

[Cavallo et al., 2024]
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Soft thresholding

Ø Definition
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↓
n, 0 otherwise

[Cavallo et al., 2024]
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Sparse Covariance Neural Networks (S-VNNs)
Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Soft thresholding:
→ Definition: ω(Ĉ)ij = ĉij ↑ sign(ĉij)ε/

↓
t if |ĉij | > ε/

↓
t, 0 otherwise.

→ Stability bound:

↔H(C̄)x↑H(C)x↔↗ t→1/2P
↓
NCc0 max(1,ϑmax)

√
max

(
log(N/c20), 1

)
(1 +

↓
2N)+O

(
t→1).

→
√

max
(
log(N/c20), 1

)
↗

↓
logN ↘ even better stability!

Empirical covariance Hard-thr covariance Soft-thr covariance True covariance



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications 126

Soft thresholding

Ø Definition

Ø Stability bound

Ø Stability bound for S-VNNs is tighter than dense VNNs 
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↓
n, 0 otherwise

[Cavallo et al., 2024]
28/53

Sparse Covariance Neural Networks (S-VNNs)
Covariance thresholding techniques

↭ When the true covariance is sparse:
→ Thresholding of the covariance improves estimation and stability

↭ Soft thresholding:
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Sparse VNNs: Numerical results
Ø Train VNNs/PCA on one covariance and test on another covariance estimated 

from less samples (synthetic dataset)

34/53

Sparse Covariance Neural Networks (S-VNNs)
Numerical results - synthetic data

↭ Stability of S-VNNs
→ Hard-soft thresholding:
→ Compare PCA+SVM with VNNs: dense covariance, hard and soft thresholding
→ Train VNNs/PCA with one covariance and test with another covariance with less samples
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↭ Results
→ VNNs more stable than PCA
→ S-VNNs perform better than dense VNN

Results

• S-VNN (both soft and hard thresholding) 

outperform PCA and dense VNNs

• VNNs more stable than PCA 

[Cavallo et al., 2024]



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications 128

Sparse VNNs: Numerical results

Ø Classification task on real data

Ø Datasets (from left to right)

• Brain recordings: Epilepsy and CNI – classify patient condition

• Human action recognition: MHEALTH and Realdisp – classify action

36/53

Sparse Covariance Neural Networks (S-VNNs)
Numerical results - real data

↭ Datasets: (from left to right)
→ Brain recordings: Epilepsy and CNI - classify patient condition
→ Human Action Recognition: MHEALTH and Realdisp - classify action performed

↭ Results:
→ S-VNNs are always faster and achieve better accuracy due to spurious correlation removal
→ Stochastic sparsification is generally better than thresholding due to regularization e!ect
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Limitations of VNNs - 2

Ø Datasets may contain harmful biases

• For e.g., under-represented groups

• Biased (unfair) performance 

• Fair PCA might be unstable
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Limitations of VNNs - 2
Biased datasets

↭ Datasets might contain harmful biases:
→ E.g., underrepresented groups
→ VNNs might have unfair performance
→ Fair PCA might fail due to instability

↭ Solution: Fair-VNNs!
→ How can VNN’s stability help?
→ How to make VNNs fair?
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Cavallo, Navarro, Segarra & Isufi. Fair Covariance Neural Networks. under review, 2024

[Cavallo et al., 2025]
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Limitations of VNNs - 2

Ø Datasets may contain harmful biases

• For e.g., under-represented groups

• Biased (unfair) performance 

• Fair PCA might be unstable

Ø Fair VNNs (F-VNNs)

• Fairness: parity in performance across groups within data
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Limitations of VNNs - 2

Ø Datasets may contain harmful biases

• For e.g., under-represented groups

• Biased (unfair) performance 

• Fair PCA might be unstable

Ø Fair VNNs (F-VNNs)

• Fairness: parity in performance across groups within data

• How to make VNNs fair?

• Are Fair VNNs stable?
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questions to address 

[Cavallo et al., 2025]
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Fair covariance estimates
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[Cavallo et al., 2025]

Ø Balanced covariance

For two groups 𝑔 and ℎ,

Ø Debiased covariance

<latexit sha1_base64="R6WGvbZeYyaSQZBWizdOEgXS444="></latexit>

Ĉbal = ωĈ+ (1→ ω)(Ĉh → Ĉg) = ωgĈg + ωhĈh

<latexit sha1_base64="1A3pbBX/XLLqWTK8r/n9MEQcNjk="></latexit>

Ĉdeb = XT(Im + ωZZT)→1X/n

<latexit sha1_base64="a1Gv7/NYsB3MatRLSzz5VqXWaDU="></latexit>

X: data matrix
Z: groups of samples
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Bias-mitigation penalty

[Cavallo et al., 2025]

Ø F-VNNs are trained with a loss penalty that encourages fairness
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Fair Covariance Neural Networks (F-VNNs)
F-VNNs are fair in two ways

↭ What is fairness?
→ We define it as equality of performance across groups

↭ Fair covariance estimates:
→ Balanced covariance: for two groups g, h,

Cbal = ωĈ+ (1↑ ω)(Ĉh ↑ Ĉg) = ωgĈg + ωhĈh

→ Debiased covariance:

Cdeb = X
→(IT + εZZ→)↑1

X/T,

where X is the data matrix with T samples and Z encodes the groups of the samples
↭ Bias mitigation penalties

→ F-VNNs are trained with a loss penalty to encourage fairness

min
H

ϑL(X,y,!) + (1↑ ϑ)R(X,y, z,!)

→ L is task-specific loss (e.g., cross-entropy)
→ R is bias penalty (e.g., performance di!erence across groups)
→ ϑ is balancing term

Cavallo, Navarro, Segarra & Isufi. Fair Covariance Neural Networks. under review, 2024
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L: task-specific loss (for e.g., cross-entropy, MAE)

<latexit sha1_base64="tgZtBMwKUtmPoPxnTVfcYwj+XxM="></latexit>

R: bias penality (for e.g., performance di!erence across groups)

<latexit sha1_base64="OM+uEAduf2wb/nbhDqSZgxQR0IA="></latexit>

ω: balancing term
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Stability of F-VNNs

[Cavallo et al., 2025]

Ø Fair covariance estimates

•         and         are subject to covariance estimation errors

• PCA with fair covariance estimates (Fair PCA) may be unstable

biased treatment
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Ø Fair covariance estimates

•         and         are subject to covariance estimation errors

• PCA with fair covariance estimates (Fair PCA) may be unstable

biased treatment

Ø F-VNNs are stable

• Stability of F-VNNs with balanced covariance

• Stability of F-VNNs with debiased covariance

136

Stability of F-VNNs

[Cavallo et al., 2025]
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Numerical results

[Cavallo et al., 2025]

Ø Stability: synthetic biased data
• Train on unbiased dataset
• During test, replace covariance with unbalanced/fair version
• Compare PCA+SVM with VNNs

41/53

Fair Covariance Neural Networks (F-VNNs)
Stability

↭ Numerical results - stability: synthetic biased data
→ Train on balanced dataset
→ During test replace covariance with unbalanced/fair version
→ Compare PCA+SVM with VNNs, with and without fair estimation

↭ Results
→ F-VNNs are more stable and fair
→ F-VNNs achieve better performance

Cavallo, Navarro, Segarra & Isufi. Fair Covariance Neural Networks. under review, 2024
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→ Train on balanced dataset
→ During test replace covariance with unbalanced/fair version
→ Compare PCA+SVM with VNNs, with and without fair estimation

↭ Results
→ F-VNNs are more stable and fair
→ F-VNNs achieve better performance

Cavallo, Navarro, Segarra & Isufi. Fair Covariance Neural Networks. under review, 2024

F-VNNs are more stable

F-VNNs achieve less bias

F-VNNs outperform PCA
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Numerical results

[Cavallo et al., 2025]
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Fair Covariance Neural Networks (F-VNNs)
Numerical results on real data

Dataset Description Task Sensitive attribute
Parkinson (left) Medical records of patients Regression for Parkinson’s level Sex of patient
LSAC (center) Law school students’ features Regression for GPA Race of students

German credit (right) Features of individuals applying for credit Classification (good or bad) Sex of individual

↭ Results:
→ F-VNNs are flexible in the bias vs error tradeo! by changing ω

→ Generally, F-VNNs perform better than PCA and improve fairness

Cavallo, Navarro, Segarra & Isufi. Fair Covariance Neural Networks. under review, 2024

Ø Real world datasets

F-VNNs achieve better fairness and performance than PCA 
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Fair Covariance Neural Networks (F-VNNs)
Stability

↭ Numerical results - stability: synthetic biased data
→ Train on balanced dataset
→ During test replace covariance with unbalanced/fair version
→ Compare PCA+SVM with VNNs, with and without fair estimation

↭ Results
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→ F-VNNs achieve better performance
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Limitations-3

Ø VNN models discussed so far operate on static data

• Real world applications have dynamic data

• Non-trivial modifications needed to handle temporal, non-stationary data

• Online estimates introduce additional source of errors
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Limitations-3

Ø VNN models discussed so far operate on static data

• Real world applications have dynamic data

• Non-trivial modifications needed to handle temporal, non-stationary data

• Online estimates introduce additional source of errors

Ø Spatio-temporal VNNs (STVNNs)

      VNNs for spatio-temporal datasets
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Spatiotemporal VNNs
Ø Model design

• Online covariance matrix estimate
<latexit sha1_base64="RYKTbPv3nDQqo0rJ7QgxREKxGrs="></latexit>

Ĉt+1 = ωtĈt + εt(xt+1)(xt+1)
T

[Cavallo et al., 2024]
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Spatiotemporal VNNs
Ø Model design

• Online covariance matrix estimate

• Spatio-temporal coVariance  filter

<latexit sha1_base64="RYKTbPv3nDQqo0rJ7QgxREKxGrs="></latexit>

Ĉt+1 = ωtĈt + εt(xt+1)(xt+1)
T
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Spatial and temporal 
convolution
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SpatioTemporal Covariance Neural Networks (STVNNs)
Model design

↭ Online covariance estimate
→ Update estimate with new observations:

Ĉt+1 = ωtĈt + εt(xt+1)(xt+1)
T

↭ SpatioTemporal coVariance Filter (STVF):

zt := H(Ĉt,ht,xT :t) =
T→1∑

t→=0

K∑

k=0

hkt→Ĉ
k
t xt→t→

→ Temporal and spatial convolution

t-2 t-1 t

Ĉt-1Ĉt-2 Ĉt

time

Graph
convolution

+ h1 + h0h2

Covariance estimation Spatial embeddings Temporal sum Final embeddings

xt-2 xt-1 xt

zt

Cavallo, Sabbaqi & Isufi. Spatiotemporal Covariance Neural Networks. ECML PKDD, 2024

[Cavallo et al., 2024]
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Spatiotemporal VNNs
Ø STVNN

• Sequences of spatio-temporal covariance filters followed by non-linearity

• Online parameter updates
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SpatioTemporal Covariance Neural Networks (STVNNs)
Model design

↭ SpatioTemporal coVariance Neural Network (STVNN):
→ Sequence of filterbanks followed by non-linearity
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Layer 1

Layer 2

x

z1 =
T→1∑

t↑=0

K∑

k=0

h1kt↑ Ĉ
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k
t xt→t↑ x2 = ω

[
z2

]z2

x1

x1

x3 = !(xT :t, Ĉt;ht)
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Spatiotemporal VNNs
Ø STVNN

• Sequences of spatio-temporal covariance filters followed by non-linearity

• Online parameter updates

• STVNNs are stable
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Model design
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Cavallo, Sabbaqi & Isufi. Spatiotemporal Covariance Neural Networks. ECML PKDD, 2024

[Cavallo et al., 2024] 46/53

SpatioTemporal Covariance Neural Networks (STVNNs)
Model design

↭ SpatioTemporal coVariance Neural Network (STVNN):
→ Sequence of filterbanks followed by non-linearity

z
l
t = ω

(
H
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Cavallo, Sabbaqi & Isufi. Spatiotemporal Covariance Neural Networks. ECML PKDD, 2024

<latexit sha1_base64="6MNpVENpoetLFn+Gp1Sg91Pvrlo="></latexit>

Stability bound → O

(
1→
n

)



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications

48/53

SpatioTemporal Covariance Neural Networks (STVNNs)
Stability results

↭ STVNNs stability in practice
→ Time series forecasting
→ Train with one covariance, test with another covariance with fewer samples
→ Weather data (NOAA and Molene) and currency exchange rates (Exchange rate)
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↭ Results
→ STVNN more stable than PCA
→ Higher T , lower stability

Cavallo, Sabbaqi & Isufi. Spatiotemporal Covariance Neural Networks. ECML PKDD, 2024
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Numerical results

Ø Time series forecasting task (weather data and currency exchange rates)

• Train with one covariance, test with another estimated from fewer samples

STVNNs are more stable than temporal-PCA (TPCA)
Higher 𝑇 (temporal window size), lower stability
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Numerical results

Ø Time series forecasting task (brain imaging data)

• Data: HCP Young-adult dataset

• BOLD data at at spatial scales 

      of 114, 314, 414, 614 (Schaefer’s)

•  Train model on 314 resolution

o Test on 114, 414, 614 resolutions
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Numerical results

Ø Time series forecasting task (brain imaging data)

• Data: HCP Young-adult dataset

• BOLD data at at spatial scales 

      of 114, 314, 414, 614 (Schaefer’s)

•  Train model on 314 resolution

o Test on 114, 414, 614 resolutions

STVNN demonstrates transferability across multi-scale spatio-temporal datasets
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Conclusions and Future Directions
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Ø A covariance filter is a polynomial in the covariance matrix 

Covariance filters

150
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Ĉ
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Covariance Neural Networks (VNNs)
Graph convolution on the covariance matrix

↭ Covariance filters:
→ Defined as z =

∑K
k=0 hkĈ

k
x = H(Ĉ)x

→ Ĉ
k
x performs a k-shift of signal x over the graph described by Ĉ
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Sihag, Mateos, McMillan & Ribeiro. coVariance Neural Networks. NeurIPS, 2022

Ø We train the filter coefficients       to accomplish some task
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CoVariance Neural Networks (VNNs)

151

Ø                        represents VNN output

Ø       is the set of trainable filter taps
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Ø A VNN is a composition of layers

Ø Each of which is a composition of 

 … a covariance filter

 … with a pointwise nonlinearity 
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Covariance Filters are Implicitly Equivalent to PCA

152
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Covariance Filters are Implicitly Equivalent to PCA
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Ø The difference is that covariance filters (and VNNs) do not require eigenvectors

 Stability: Leading to more stable signal processing

 Transferability: And the possibility of transferring trained filters across scales
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coVariance Filters and VNNs are Scale-Free Models
Ø Filters and VNNs are defined by coefficients that we can transfer across scales

Ø Train at small scale and transfer to large scale

Ø Train jointly across a heterogeneous range of scales 

VNN VNN

learnable parameters



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications 155

VNNs are provably transferable  

VNN VNN

0 1

learnable parameters

0 1

Transferability bound
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VNNs are provably transferable to limit models

VNN VNN

0 1 0 1

learnable parameters

Transferability bound* [Sihag et al., 2024] *Assumption: data is a discretization of a common 
continuous model Symmetric continuous

function 𝐖
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VNNs are well suited for neuroimaging data analysis

157

Ø Properties of VNNs make them appealing for neuroimaging data analysis

• Connections with PCA

• Stability            reproducible outcomes in limited data settings 

• Transferability

transparent outcomes by leveraging spectrum of 
covariance matrix 

enhanced generalizability and robustness to choice 
of brain atlases
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Brain age gap prediction is a transfer learning problem
Ø Train ML model to predict age on a large dataset (healthy population)

Ø Apply the pre-trained ML model on a target dataset (neurodegeneration) 

Ø Brain age gap is the residual of the model

Neuroimaging data from 
healthy population predicted ageML Model

Data from 
all cohorts ML Model

Pre-training
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A principled approach to brain age gap prediction

Ø Focus on residuals of the ML model, not prediction performance

Ø Qualitative evaluation during pre-training

what does the model learn during pre-training on healthy population?

Ø Interpretability/explainability: 

what’s driving elevated brain age gap (residuals) in neurodegeneration?

Ø Generalizability to diverse target populations
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VNNs provide an anatomically interpretable and explainable brain age gap

VNNCortical 
thickness 

Age-bias 
correction

Brain age gap = 
Bias-corrected VNN 

output – True age
Σ
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VNNs provide an anatomically interpretable and explainable brain age gap
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NIFD, and PPMI datasets, and the associated results for APD
and FTD disease groups are illustrated in Fig. 3b and Fig. 3c,
respectively. The HC group for 4RTNI and NIFD datasets
was the same and had !-Age = 0 ± 2.33 years. The !-Age
for FTD disease group was 6.17± 4.55 years and that for the
APD group was 2.49±3.09 years, suggesting that FTD group
exhibited more significant accelerated aging. The !-Age in
FTD group was characterized by superior frontal region in
the left hemisphere, bilateral entorhinal, parahippocampal,
and superior temporal regions, and relatively less prominent
contributions from bilateral precentral regions, which are part
of the motor cortex. FTD is characterized by neurodegener-
ation in the regions in frontal and temporal lobes [27], and
hence, the anatomic characterization in Fig. 3c captures their
impact in the form of elevated !-Age. The !-Age in APD
group was characterized by brain regions comprising bilat-
eral superior temporal, precentral, and occipital lobes. The
CBS and PSP pathologies in APD group exhibit symptoms
similar to PD in terms of motor dysfunction, but are also char-
acterized by cognitive dysfunction and typically rapid decline
in function relative to PD [28]. Hence, the implication of
regions in the motor cortex and occipital lobe in Fig. 3b is
relevant to the disease characteristic in APD. Interestingly,
unlike the other disease groups, no significant difference in
!-Age was observed in the PD group relative to its respective
HC group (Fig. 4).

Explainability of !-Age. Next, we analyzed the inner prod-
ucts between the regional residuals derived from the represen-
tations learned by VNNs and the eigenvectors of the anatomi-
cal covariance matrix. The eigenvectors of the anatomical co-
variance matrix were organized from 0 to 67, with the eigen-
vector 0 associated with the largest eigenvalue and the 67-
th eigenvector associated with the smallest eigenvalue. The
inner product metrics were significantly different (ANOVA,
p-value < 0.0001) between the AD group and HC groups
for the eigenvectors 0, 1, 2, and 6 of the anatomical covari-
ance matrix (Fig. 5a). Thus, the VNN model processed the
cortical thickness features for AD group significantly differ-
ent relative to the HC group leading to distinct distributions
in !-Age in Fig. 3a, and these differences were dictated by
variations in how the VNN exploited the eigenvectors of the
anatomical covariance matrix for AD and HC groups.

Similar results were obtained for the FTD cohort, where
the most significant group differences in the inner prod-
uct measures were observed for eigenvectors 0, 1, 4, and 5
(Fig. 5b). Thus, the variations in how the VNN exploited the
eigenvectors of the anatomical covariance matrix for FTD
and HC groups explained the variations in !-Age in Fig. 3c.
Notably, the inner product measures were significantly differ-
ent between the APD and HC groups only for eigenvector 8,
which explains the relatively smaller elevation in !-Age in
the APD group relative to FTD or AD groups in Fig. 3.

Fig. 4. !-Age for PD and respective HC group.

Fig. 5. Explaining !-Age in disease groups ((a) AD and (b)
FTD) in terms of the group differences between inner prod-
ucts of VNN representations and eigenvectors of anatomical
covariance matrices. (→→→→ : p-value → 1 exp↑4)

5. DISCUSSION

The results in Fig. 3 illustrate that the distributions of !-Age
estimates can be substantially overlapping across different
diseases. Hence, !-Age, by itself, is not a sufficient indi-
cator to characterize a disease. In this context, the anatomic
characterization of !-Age offered by VNN embellishes its
informative aspect about neurodegeneration. Notably, the
anatomic characterizations of !-Age for AD, FTD, and ATP
disease groups were unique and characteristic of the respec-
tive diseases.
Comparison with existing literature. Existing studies in
this domain are focused primarily on brain age prediction,
which is to be contrasted with this paper’s focus on !-Age
prediction. Moreover, existing studies utilize the state-of-
the-art post-hoc, model-agnostic methods, such as, SHAP,
LIME [29], saliency maps [30], and layer-wise relevance
propagation [31] to explain the brain age predictions. These
methods add anatomical interpretability to brain age esti-
mates by assigning some importance to the input features
(often associated with specific anatomic regions). Unlike
these approaches, we leverage the inherent explainability
of the VNN model and our results bring into focus the the
properties that a VNN gains when it is exposed to the infor-
mation provided by chronological age of healthy controls and
whether and how these properties translate to a meaningful
!-Age estimate.
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Concluding Remarks

Ø Emerging areas

• Sparse VNNs: sparsifying covariance matrix [Cavallo et al., 2024]

• Spatiotemporal VNNs: temporal datasets [Cavallo et al., 2024]

• Fair VNNs: unbiased outcomes with VNNs [Cavallo et al., 2025]

• Optimality of covariance matrices: suitability of covariance to learning task

      [Khalafi et al., 2024]

• Application to brain age gap prediction [Sihag et al., 2024; 2025]
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Future directions

Ø Expand interpretability/explainability of VNNs

• How are eigenvectors exploited in STVNNs on dynamic datasets?

Ø Building interpretable biomarkers 

• Using other modalities (for e.g., fMRI)

Ø Learning with cross-covariance graphs

• Links with partial least squares/ canonical correlation analysis
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Slides available at
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IEEE SPM tutorials available at



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications 168

Appendix A: Stability of coVariance Filters 
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Stability of coVariance filter 

coVariance filter output is 
asymptotically consistent

coVariance filter sacrifices 
discriminability between close 
eigenvalues for stability
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Conclusions and Future Directions
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Recall: Learning with coVariance filter versus PCA-based learning 
versus 

171

Ø Learning with a coVariance filter

h( 0𝜆!)
h( 0𝜆")

Eigenvalue,
Eigenvector

h( 0𝜆$)h( 0𝜆#)

Input 
data 

coVariance
filter

Inference
output

Readout 
function

0𝜆!,
3𝒗!

0𝜆",
3𝒗"

0𝜆#,
3𝒗#

0𝜆$,
3𝒗$

0𝜆%,
3𝒗%

Ø PCA-based learning

PCA
transform

Input 
data 

Regression 
model

Inference
output

𝛽!

𝛽"

𝛽#
𝛽$

0𝜆!,
3𝒗!

0𝜆",
3𝒗"

0𝜆#,
3𝒗#

0𝜆$,
3𝒗$

Eigenvalue,
Eigenvector

0𝜆%,
3𝒗%



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications

Why is coVariance filter more stable than PCA?
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Ø Learning with a coVariance filter
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Appendix B: Transferability of VNNs
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coVariance filters are scale-free models

learnable parameters
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m1-dimensional data processing

ØA coVariance filter           with scalar filter taps {ℎ(}	can process dataset (covariance matrix) 
of any arbitrary dimensionality: scale-free model

<latexit sha1_base64="Y70AWC/TrLD4Vg6IOu5Xw2860s0=">AAACCHicbVDLTsJAFL3FF+ILdelmIjHBDWmNQZdENywxkUcClUynU5gw7TQzUyNp+AG/wK1+gTvj1r/wA/wPB+hCwJPc5OSce3NPjhdzprRtf1u5tfWNza38dmFnd2//oHh41FIikYQ2ieBCdjysKGcRbWqmOe3EkuLQ47TtjW6nfvuRSsVEdK/HMXVDPIhYwAjWRnpIe16A6pNyj/hCn/eLJbtiz4BWiZOREmRo9Is/PV+QJKSRJhwr1XXsWLsplpoRTieFXqJojMkID2jX0AiHVLnpLPUEnRnFR4GQZiKNZurfixSHSo1Dz2yGWA/VsjcV//O6iQ6u3ZRFcaJpROaPgoQjLdC0AuQzSYnmY0MwkcxkRWSIJSbaFLXw5Wke1fTiLLewSloXFadaqd5dlmo3WUN5OIFTKIMDV1CDOjSgCQQkvMArvFnP1rv1YX3OV3NWdnMMC7C+fgGAd5pi</latexit>

H(·)



Sihag, Mateos, Isufi, Ribeiro                             Learning with Covariance Matrices: Foundations and Applications 176

VNNs as scale-free models
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VNNs as scale-free models

VNN VNN

learnable parameters
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covariance matrices 
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Ø Graphs can have limit objects with uncountable number of nodes

178

Graphons as continuous limits

Ø Example: Stochastic block models [Ruiz et al., 2021]

RUIZ et al.: GRAPHON SIGNAL PROCESSING 4963

Fig. 2. Graphons and 12-node W-random graphs. (a) and (b) show SBM graphons and graphs with 2 communities and pcici = 0.8, pcicj = 0.2. (c) shows an
exponential graphon W(u, v) = exp(−2.3(u− v)2) and the corresponding graph.

for every (i, j) ∈ E ′, (β(i),β(j)) ∈ E . The graph F can thus be
interpreted as a graph pattern that we want to “identify” in G.

A motif F will typically occur in multiple locations of the
graph G. Thus, we can count the number of homomorphisms
between F and G, which we denote hom(F,G). Since there are
a total of |V||V ′| possible maps between the vertices of F and
G but only a fraction of them are homomorphisms, we further
define the density of homomorphisms from F to G as

t(F,G) =
hom(F,G)

|V||V ′| =

∑
β

∏
(i,j)∈E ′ [S]β(i)β(j)

|V||V ′| . (3)

This is easiest to understand when G is unweighted, in which
case t(F,G) is simply the fraction of the total number of ways
in which the motif F can be mapped into G.

The concept of homomorphism densities can also be gener-
alized to graphons. We define the density of homomorphisms
between the motif F and the graphon W as

t(F,W) =

∫

[0,1]|V ′ |

∏

(i,j)∈E ′

W(ui, uj)
∏

i∈V ′

dui. (4)

This can be interpreted as the probability of sampling the motifF
from the graphon W. With these definitions in hand, a sequence
of undirected graphs {Gn} is said to converge to the graphon
W if, for all finite simple graphs F,

lim
n→∞

t(F,Gn) = t(F,W). (5)

In this case, we refer to W as the limit graphon of the se-
quence. This form of convergence is called “convergence in
the homomorphism density sense”. An example of convergent
graph sequence that is easy to visualize is that of a sequence of
W-random graphs. The sequence of graphs {Gn} generated by
sampling {ui}ni=1 uniformly at random asn → ∞ can be shown
to converge in the homomorphism density sense with probability
one [26, Example 11.6, Lemma 11.8].

To conclude, we point out that, while the two interpretations
of a graphon — as a generative model for graph families and
as the limit object of graph sequences — are theoretical, their
practical value lies in that they can be used to identify sets of
graphs with large number of nodes and similar structure. This
simplifies the study of the properties of large graphs.

B. Convergence in Cut Norm

Similarly to how graphs can be obtained by sampling or
evaluating a graphon, graphons can be defined, or induced, by
graphs. Every undirected graph G = (V, E ,S) with |V| = n
and S ∈ [0, 1]n×n admits an induced graphon representation
WG. This graphon is obtained in two steps. First, we con-
struct a regular partition I1 ∪ . . . ∪ In of [0,1], i.e., the par-
tition given by Ij = [(j − 1)/n, j/n) for 1 ≤ j ≤ n− 1 and
In = [(n− 1)/n, 1]. Then, the induced graphon WG is defined
as [26, Chapter 7.1],[24, Sec. 5]

WG(u, v) =
n∑

j=1

n∑

k=1

[S]jk × I(u ∈ Ij)I(v ∈ Ik). (6)

The concept of induced graphon is useful to define a second
mode of convergence for graph sequences — convergence in
cut norm. The cut norm of a graphon W is defined as [26, eq.
(8.13)]

‖W‖! = sup
S,T⊆[0,1]

∣∣∣∣
∫

S×T
W(u, v)dudv

∣∣∣∣ (7)

i.e., it is equal to the size of its maximum cut. The following
lemma, adapted from [26, Theorem 11.57], states that if a
sequence of graphs{Gn} converges toW in the homomorphism
density sense, then it also converges to W in the cut norm.

Lemma 1 (Cut norm convergence): If {Gn} → W in the
homomorphism density sense, then there exists a sequence of
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Fig. 2. Graphons and 12-node W-random graphs. (a) and (b) show SBM graphons and graphs with 2 communities and pcici = 0.8, pcicj = 0.2. (c) shows an
exponential graphon W(u, v) = exp(−2.3(u− v)2) and the corresponding graph.

for every (i, j) ∈ E′, (β(i),β(j)) ∈ E . The graph F can thus be
interpreted as a graph pattern that we want to “identify” in G.

A motif F will typically occur in multiple locations of the
graph G. Thus, we can count the number of homomorphisms
between F and G, which we denote hom(F,G). Since there are
a total of |V||V′| possible maps between the vertices of F and
G but only a fraction of them are homomorphisms, we further
define the density of homomorphisms from F to G as

t(F,G) =
hom(F,G)

|V||V′| =

∑
β

∏
(i,j)∈E′ [S]β(i)β(j)

|V||V′| . (3)

This is easiest to understand when G is unweighted, in which
case t(F,G) is simply the fraction of the total number of ways
in which the motif F can be mapped into G.

The concept of homomorphism densities can also be gener-
alized to graphons. We define the density of homomorphisms
between the motif F and the graphon W as

t(F,W) =

∫

[0,1]|V′ |

∏

(i,j)∈E′

W(ui, uj)
∏

i∈V′

dui. (4)

This can be interpreted as the probability of sampling the motifF
from the graphon W. With these definitions in hand, a sequence
of undirected graphs {Gn} is said to converge to the graphon
W if, for all finite simple graphs F,

lim
n→∞

t(F,Gn) = t(F,W). (5)

In this case, we refer to W as the limit graphon of the se-
quence. This form of convergence is called “convergence in
the homomorphism density sense”. An example of convergent
graph sequence that is easy to visualize is that of a sequence of
W-random graphs. The sequence of graphs {Gn} generated by
sampling {ui}ni=1 uniformly at random asn → ∞ can be shown
to converge in the homomorphism density sense with probability
one [26, Example 11.6, Lemma 11.8].

To conclude, we point out that, while the two interpretations
of a graphon — as a generative model for graph families and
as the limit object of graph sequences — are theoretical, their
practical value lies in that they can be used to identify sets of
graphs with large number of nodes and similar structure. This
simplifies the study of the properties of large graphs.

B. Convergence in Cut Norm

Similarly to how graphs can be obtained by sampling or
evaluating a graphon, graphons can be defined, or induced, by
graphs. Every undirected graph G = (V, E ,S) with |V| = n
and S ∈ [0, 1]n×n admits an induced graphon representation
WG. This graphon is obtained in two steps. First, we con-
struct a regular partition I1 ∪ . . . ∪ In of [0,1], i.e., the par-
tition given by Ij = [(j − 1)/n, j/n) for 1 ≤ j ≤ n− 1 and
In = [(n− 1)/n, 1]. Then, the induced graphon WG is defined
as [26, Chapter 7.1],[24, Sec. 5]

WG(u, v) =
n∑

j=1

n∑

k=1

[S]jk × I(u ∈ Ij)I(v ∈ Ik). (6)

The concept of induced graphon is useful to define a second
mode of convergence for graph sequences — convergence in
cut norm. The cut norm of a graphon W is defined as [26, eq.
(8.13)]

‖W‖! = sup
S,T⊆[0,1]

∣∣∣∣
∫

S×T
W(u, v)dudv

∣∣∣∣ (7)

i.e., it is equal to the size of its maximum cut. The following
lemma, adapted from [26, Theorem 11.57], states that if a
sequence of graphs{Gn} converges toW in the homomorphism
density sense, then it also converges to W in the cut norm.

Lemma 1 (Cut norm convergence): If {Gn} → W in the
homomorphism density sense, then there exists a sequence of
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Fig. 2. Graphons and 12-node W-random graphs. (a) and (b) show SBM graphons and graphs with 2 communities and pcici = 0.8, pcicj = 0.2. (c) shows an
exponential graphon W(u, v) = exp(−2.3(u− v)2) and the corresponding graph.

for every (i, j) ∈ E′, (β(i),β(j)) ∈ E . The graph F can thus be
interpreted as a graph pattern that we want to “identify” in G.

A motif F will typically occur in multiple locations of the
graph G. Thus, we can count the number of homomorphisms
between F and G, which we denote hom(F,G). Since there are
a total of |V||V′| possible maps between the vertices of F and
G but only a fraction of them are homomorphisms, we further
define the density of homomorphisms from F to G as

t(F,G) =
hom(F,G)

|V||V′| =

∑
β

∏
(i,j)∈E′ [S]β(i)β(j)

|V||V′| . (3)

This is easiest to understand when G is unweighted, in which
case t(F,G) is simply the fraction of the total number of ways
in which the motif F can be mapped into G.

The concept of homomorphism densities can also be gener-
alized to graphons. We define the density of homomorphisms
between the motif F and the graphon W as

t(F,W) =

∫

[0,1]|V′ |

∏

(i,j)∈E′

W(ui, uj)
∏

i∈V′

dui. (4)

This can be interpreted as the probability of sampling the motifF
from the graphon W. With these definitions in hand, a sequence
of undirected graphs {Gn} is said to converge to the graphon
W if, for all finite simple graphs F,

lim
n→∞

t(F,Gn) = t(F,W). (5)

In this case, we refer to W as the limit graphon of the se-
quence. This form of convergence is called “convergence in
the homomorphism density sense”. An example of convergent
graph sequence that is easy to visualize is that of a sequence of
W-random graphs. The sequence of graphs {Gn} generated by
sampling {ui}ni=1 uniformly at random asn → ∞ can be shown
to converge in the homomorphism density sense with probability
one [26, Example 11.6, Lemma 11.8].

To conclude, we point out that, while the two interpretations
of a graphon — as a generative model for graph families and
as the limit object of graph sequences — are theoretical, their
practical value lies in that they can be used to identify sets of
graphs with large number of nodes and similar structure. This
simplifies the study of the properties of large graphs.

B. Convergence in Cut Norm

Similarly to how graphs can be obtained by sampling or
evaluating a graphon, graphons can be defined, or induced, by
graphs. Every undirected graph G = (V, E ,S) with |V| = n
and S ∈ [0, 1]n×n admits an induced graphon representation
WG. This graphon is obtained in two steps. First, we con-
struct a regular partition I1 ∪ . . . ∪ In of [0,1], i.e., the par-
tition given by Ij = [(j − 1)/n, j/n) for 1 ≤ j ≤ n− 1 and
In = [(n− 1)/n, 1]. Then, the induced graphon WG is defined
as [26, Chapter 7.1],[24, Sec. 5]

WG(u, v) =
n∑

j=1

n∑

k=1

[S]jk × I(u ∈ Ij)I(v ∈ Ik). (6)

The concept of induced graphon is useful to define a second
mode of convergence for graph sequences — convergence in
cut norm. The cut norm of a graphon W is defined as [26, eq.
(8.13)]

‖W‖! = sup
S,T⊆[0,1]

∣∣∣∣
∫

S×T
W(u, v)dudv

∣∣∣∣ (7)

i.e., it is equal to the size of its maximum cut. The following
lemma, adapted from [26, Theorem 11.57], states that if a
sequence of graphs{Gn} converges toW in the homomorphism
density sense, then it also converges to W in the cut norm.

Lemma 1 (Cut norm convergence): If {Gn} → W in the
homomorphism density sense, then there exists a sequence of
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Fig. 2. Graphons and 12-node W-random graphs. (a) and (b) show SBM graphons and graphs with 2 communities and pcici = 0.8, pcicj = 0.2. (c) shows an
exponential graphon W(u, v) = exp(−2.3(u− v)2) and the corresponding graph.

for every (i, j) ∈ E′, (β(i),β(j)) ∈ E . The graph F can thus be
interpreted as a graph pattern that we want to “identify” in G.

A motif F will typically occur in multiple locations of the
graph G. Thus, we can count the number of homomorphisms
between F and G, which we denote hom(F,G). Since there are
a total of |V||V′| possible maps between the vertices of F and
G but only a fraction of them are homomorphisms, we further
define the density of homomorphisms from F to G as

t(F,G) =
hom(F,G)

|V||V′| =

∑
β

∏
(i,j)∈E′ [S]β(i)β(j)

|V||V′| . (3)

This is easiest to understand when G is unweighted, in which
case t(F,G) is simply the fraction of the total number of ways
in which the motif F can be mapped into G.

The concept of homomorphism densities can also be gener-
alized to graphons. We define the density of homomorphisms
between the motif F and the graphon W as

t(F,W) =

∫

[0,1]|V′ |

∏

(i,j)∈E′

W(ui, uj)
∏

i∈V′

dui. (4)

This can be interpreted as the probability of sampling the motifF
from the graphon W. With these definitions in hand, a sequence
of undirected graphs {Gn} is said to converge to the graphon
W if, for all finite simple graphs F,

lim
n→∞

t(F,Gn) = t(F,W). (5)

In this case, we refer to W as the limit graphon of the se-
quence. This form of convergence is called “convergence in
the homomorphism density sense”. An example of convergent
graph sequence that is easy to visualize is that of a sequence of
W-random graphs. The sequence of graphs {Gn} generated by
sampling {ui}ni=1 uniformly at random asn → ∞ can be shown
to converge in the homomorphism density sense with probability
one [26, Example 11.6, Lemma 11.8].

To conclude, we point out that, while the two interpretations
of a graphon — as a generative model for graph families and
as the limit object of graph sequences — are theoretical, their
practical value lies in that they can be used to identify sets of
graphs with large number of nodes and similar structure. This
simplifies the study of the properties of large graphs.

B. Convergence in Cut Norm

Similarly to how graphs can be obtained by sampling or
evaluating a graphon, graphons can be defined, or induced, by
graphs. Every undirected graph G = (V, E ,S) with |V| = n
and S ∈ [0, 1]n×n admits an induced graphon representation
WG. This graphon is obtained in two steps. First, we con-
struct a regular partition I1 ∪ . . . ∪ In of [0,1], i.e., the par-
tition given by Ij = [(j − 1)/n, j/n) for 1 ≤ j ≤ n− 1 and
In = [(n− 1)/n, 1]. Then, the induced graphon WG is defined
as [26, Chapter 7.1],[24, Sec. 5]

WG(u, v) =
n∑

j=1

n∑

k=1

[S]jk × I(u ∈ Ij)I(v ∈ Ik). (6)

The concept of induced graphon is useful to define a second
mode of convergence for graph sequences — convergence in
cut norm. The cut norm of a graphon W is defined as [26, eq.
(8.13)]

‖W‖! = sup
S,T⊆[0,1]
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∫

S×T
W(u, v)dudv

∣∣∣∣ (7)

i.e., it is equal to the size of its maximum cut. The following
lemma, adapted from [26, Theorem 11.57], states that if a
sequence of graphs{Gn} converges toW in the homomorphism
density sense, then it also converges to W in the cut norm.

Lemma 1 (Cut norm convergence): If {Gn} → W in the
homomorphism density sense, then there exists a sequence of
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Ø Graphon: A graphon is a symmetric, bounded measurable function

• Node labels are graphon arguments 𝑢 ∈ 0,1

• edge weights are graphon values 𝐖 𝑢, 𝑣 = 𝐖(𝑣, 𝑢)
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Graphons as continuous limits
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Ø Graphon: A graphon is a symmetric, bounded measurable function

• Node labels are graphon arguments 𝑢 ∈ 0,1

• edge weights are graphon values 𝐖 𝑢, 𝑣 = 𝐖(𝑣, 𝑢)

Ø Transferability when covariance matrix is part of some converging sequence

180

Graphons as continuous limits

Symmetric continuous
function (graphon) 𝐖
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Redefining VNNs in continuous domain 

VNN
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Redefining VNNs in continuous domain 
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Redefining VNNs in continuous domain 

VNN

0 1

0 1

Representation of discrete VNN
output on interval [0,1]
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Problem formulation for transferability

0 1

Representation of discrete VNN
output on interval [0,1]

0 1
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Problem formulation for transferability
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VNNs are provably transferable 
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W
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→ym1 ↑ y→ ↓ O

(
1

m3ω/2→1
1

)
, for ω ↔ (2/3, 1]

Transferability bound* [Sihag et al., 2024]
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VNNs are provably transferable 

VNN VNN

0 1 0 1

learnable parameters

Transferability bound* [Sihag et al., 2024] *Assumption: data is a discretization of a common 
continuous model Symmetric continuous

function 𝐖
<latexit sha1_base64="pFvr3WMR0b/GwmVD17UWcQ5j7fg="></latexit>

→ym1 ↑ y→ ↓ O

(
1

m3ω/2→1
1

)
, for ω ↔ (2/3, 1]

<latexit sha1_base64="YteRecMMzs4ygPjxJ1HFoRmX46U=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Ae0oWy2k3bpZhN3N0IJ/RNePCji1b/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHssHM0nQj+hQ8pAzaqzUKWW9ICTtab9ccavuHGSVeDmpQI5Gv/zVG8QsjVAaJqjWXc9NjJ9RZTgTOC31Uo0JZWM6xK6lkkao/Wx+75ScWWVAwljZkobM1d8TGY20nkSB7YyoGellbyb+53VTE177GZdJalCyxaIwFcTEZPY8GXCFzIiJJZQpbm8lbEQVZcZGVLIheMsvr5LWRdWrVWv3l5X6TR5HEU7gFM7Bgyuowx00oAkMBDzDK7w5j86L8+58LFoLTj5zDH/gfP4ANNWPcg==</latexit>

W

<latexit sha1_base64="h6eyxLdtsrOLMOJ5nODOdcDl5Yg=">AAACEnicbZDLSsNAFIYn9VbjrerSzWArtCAl6aIKbopuuqxgL9CUMJlO2qGTSZiZiCHkGdz4Km5cKOLWlTvfxulloa0/DHz85xzOnN+LGJXKsr6N3Nr6xuZWftvc2d3bPygcHnVkGAtM2jhkoeh5SBJGOWkrqhjpRYKgwGOk601upvXuPRGShvxOJREZBGjEqU8xUtpyCxVH+qZplpzWmJYTN3U8Hz5kV3AG3ew8dTBisJlVSm6haFWtmeAq2AsogoVabuHLGYY4DghXmCEp+7YVqUGKhKKYkcx0YkkihCdoRPoaOQqIHKSzkzJ4pp0h9EOhH1dw5v6eSFEgZRJ4ujNAaiyXa1Pzv1o/Vv7lIKU8ihXheL7IjxlUIZzmA4dUEKxYogFhQfVfIR4jgbDSKZo6BHv55FXo1Kp2vVq/rRUb14s48uAEnIIysMEFaIAmaIE2wOARPINX8GY8GS/Gu/Exb80Zi5lj8EfG5w8kEZtJ</latexit>

!(yx;W,H)
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VNNs are provably transferable  

VNN VNN

0 1

learnable parameters

0 1

Transferability bound
<latexit sha1_base64="n02cy7jQTnf9KapUxqU+ahqXQLM="></latexit>

→ym1 ↑ ym2→ ↓ O

( 1

m3ω/2→1
1

+
1

m3ω/2→1
2

)
, for ω ↔ (2/3, 1]


