
Roadmap	


Ø Introduc)on	  
•  The	  Good	  Enough	  Brain	  Model	  (GeBM)	  
•  Proposed	  Algorithm	  
•  Discoveries	  
•  Conclusions	  

E.	  Papalexakis	  KDD	  2014	  



What?	

•  You	  see	  a	  word	  (“apple”)	  
•  You	  try	  to	  answer	  a	  ques)on	  (“Is	  it	  edible?”)	  
•  How	  do	  different	  parts	  of	  your	  brain	  
communicate	  in	  the	  meanwhile?	  

•  Func)onal	  Connec)vity	  
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Why?	


•  Understand	  the	  human	  brain	  
² How	  do	  different	  parts	  communicate?	  
² How	  is	  informa)on	  processed?	  

•  Build	  beMer	  robots	  
•  Detect	  learning	  disorders	  at	  an	  early	  age	  
•  …	  
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Bird’s Eye (Over)View	
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voxel 1	


voxel 2	


voxel 306	


MEG	
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equation in its matrix form:

Y

0 �
⇥
A B

⇤ 
Y

S

�

There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B

kY0 �
⇥
A B

⇤ 
Y

S

�
k2
F

and solve for
⇥
A B

⇤
by (pseudo)inverting


Y

S

�
.

• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A

† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t+ 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t+ 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:

“knife”	
“Can it hurt you?” (y/n)	
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Problem Definition	


•  Given:	  MEG	  measurements	  (m	  sensors)	  for	  T	  
)me	  intervals,	  when	  subject	  is	  shown	  a	  set	  of	  
s)muli	  and	  asked	  yes/no	  ques)ons.	  

•  Find:	  	  A	  Graph/Connec)vity	  Matrix	  between	  
different	  brain	  regions	  
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ABSTRACT
Given a simple noun such as apple, and a question such as is it ed-
ible?, what processes take place in the human brain? More specifi-
cally, given the stimulus, what are the interactions between (groups
of) neurons (also known as functional connectivity) and how can
we automatically infer those interactions, given measurements of
the brain activity? Furthermore, how does this connectivity differ
across different human subjects?

In this work we present a simple, novel good-enough brain model,
or GEBM in short, and a novel algorithm SPARSE-SYSID, which
are able to effectively model the dynamics of the neuron interac-
tions and infer the functional connectivity. Moreover, GEBM is
able to simulate basic psychological phenomena such as habitua-
tion and priming (whose definition we provide in the main text).

We evaluate GEBM by using both synthetic and real brain data.
Using the real data, GEBM produces brain activity patterns that are
strikingly similar to the real ones, and the inferred functional con-
nectivity is able to provide neuroscientific insights towards a better
understanding of the way that neurons interact with each other, as
well as detect regularities and outliers in multi-subject brain activ-
ity measurements.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications—Data min-
ing; G.3 [Mathematics of Computing]: Probability and Statis-
tics—Time series analysis; J.3 [Computer Applications]: Life and
Medical Sciences—Biology and genetics; J.4 [Computer Applica-
tions]: Social and Behavioral Sciences—Psychology

Keywords
Brain Activity Analysis; System Identification; Brain Functional
Connectivity; Control Theory; Neuroscience

1. INTRODUCTION
Permission to make digital or hard copies of all or part of this work for
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this notice and the full citation on the first page. Copyrights for components
of this work owned by others than ACM must be honored. Abstracting with
credit is permitted. To copy otherwise, or republish, to post on servers or to
redistribute to lists, requires prior specific permission and/or a fee. Request
permissions from permissions@acm.org.
KDD’14, August 24–27, 2014, New York, NY, USA.
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http://dx.doi.org/10.1145/2623330.2623639.

“apple”!

0 20 40
0.05

0.1

0.15

0.2

0.25

0.3

0 20 40
0.05

0.1

0.15

0.2

0.25

0.3

0 20 40
0

0.1

0.2

0.3

0.4
Real and predicted MEG brain activity

0 20 40
0

0.1

0.2

0.3

0.4

 

 

0 20 40
0.05

0.1

0.15

0.2

0.25

0.3

0 20 40
0.05

0.1

0.15

0.2

0.25

0.3

0 20 40
0

0.1

0.2

0.3

0.4
Real and predicted MEG brain activity

0 20 40
0

0.1

0.2

0.3

0.4

 

 

0 20 40
0.05

0.1

0.15

0.2

0.25

0.3

0 20 40
0.05

0.1

0.15

0.2

0.25

0.3

0 20 40
0

0.1

0.2

0.3

0.4
Real and predicted MEG brain activity

0 20 40
0

0.1

0.2

0.3

0.4

 

 

voxel 1!

voxel 2!

voxel 306!

MEG!

18

4 3

2324

1

16

19

3 2

84 1

Frontal lobe!
(attention)!

Parietal lobe!
(movement)!

Temporal lobe!
(language)!

Occipital lobe!
(vision)!

“Is it edible?” (y/n)!

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Real and predicted MEG brain activity

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 

 

real
GeBM

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Real and predicted MEG brain activity

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 

 

real
GeBM

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Real and predicted MEG brain activity

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 

 

real
GeBM

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

Real and predicted MEG brain activity

0 20 40
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

 

 

real
GeBM

equation in its matrix form:

Y0 � ⇥
A B

⇤ 
Y
S

�

There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B

�Y0 � ⇥
A B

⇤ 
Y
S

�
�2

F

and solve for
⇥
A B

⇤
by (pseudo)inverting


Y
S

�
.

• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:

“knife”!“Can it hurt you?” (y/n)!

…
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Figure 1: Big picture: our GEBM estimates the hidden functional
connectivity (top right, weighted arrows indicating number of in-
ferred connections), when given multiple human subjects (left) that
respond to yes/no questions (e.g., edible?) for typed words (e.g.,
apple). Bottom right: GEBM also produces brain activity (in solid-
red), that matches reality (in dashed-blue).

Can we infer the brain activity for subject ’Alice’, when she is
shown the typed noun apple and has to answer a yes/no question,
like is it edible? Can we infer the connectivity of brain regions,
given numerous brain activity data of subjects in such experiments?
These are the first two goals of this work: single-subject, and multi-
subject analysis of brain activity.

The third and final goal is to develop a brain connectivity model,
that can also generate activity that agrees with psychological phe-
nomena, like priming1 and habituation2

Here we tackle all these challenges. We are given Magnetoen-
cephalography (MEG) brain scans for nine subjects, shown several
typed nouns (apple, hammer, etc), and being requested to answer
a yes/no question (is it edible?, is it dangerous?, and so on), by
pressing one of two buttons.
Our approach: Discovering the multi-billion connections among
the tens of billions [23, 2] of neurons would be the holy grail, and

1Priming illustrates the power of context: a person hearing the
word iPod, and then apple, will think of Apple-inc, as opposed to
the fruit apple
2 Habituation illustrates compensation: a person hearing the same
word all the time, will eventually stop paying attention.
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
S

�

In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
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Y0 =
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y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
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LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
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REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
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Y0 =
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y(2) · · · y(T )

⇤
, and S =
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
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REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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y(t)
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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thus we are able to write
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
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y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
S

�

In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
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as:
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A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write
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none yields a good result, but we briefly describe each, next.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).
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our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
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it is more beneficial to model the direct outcome of that process.
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of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
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observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:
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A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:
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connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)
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This is a well-known, least squares problem. We can solve it ’as
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none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for
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⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
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The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for
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• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).
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on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
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of the person’s brain, which, in turn, cause the effect that we are
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brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:
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A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
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observed counterpart. We assume that this transformation is linear,
thus we are able to write
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Putting everything together, we end up with the following set of
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• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S
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.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
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y(t)
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which eventually becomes Y0 =
⇥
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
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⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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A B
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y(t)
s(t)
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)
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which eventually becomes Y0 =
⇥
A B

⇤ 
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
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B[n⇥s] perception matrix (sensors to neurons)
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IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
S

�

In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
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s(t) vector of input-sensor activities at time t
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C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
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look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:
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The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for
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• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
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REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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y(t)
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
,

Y0 =
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y(2) · · · y(T )

⇤
, and S =
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s(1) · · · s(T � 1)
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
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C[m⇥n] summarization matrix (neurons to voxels)
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REAL real part of a complex number
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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y(t)
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
,

Y0 =
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y(2) · · · y(T )

⇤
, and S =
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s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
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The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)
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⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)
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⇥
A B
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Y
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.

Real and predicted MEG brain activity

0 10 20 30 40
0

0.1

0.2

0.3

0.4

 

 

real

LS

CCA

Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
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Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
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LS
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j
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•  Ventral:	  From	  Occipital	  Lobe	  (Vision)	  to	  
Temporal	  Lobe	  (Language)	  
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Figure 5: The functional connectivity derived from GEBM. The weights on the edges indicate the number of inferred connections. Our
results are consistent with research that investigates natural language processing in the brain.
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Figure 6: Multi-subject analysis: Sub-figures (a) and (b), show the real and imaginary parts of the eigenvalues of matrix A for each subject.
For all subjects but one (subject #3) the eigenvalues are almost identical, implying that the GEBM that captures their brain activity behaves
more or less in the same way. Subject #3 on the other hand is an outlier; indeed, during the experiment, the subject complained that he was
able to hear a demonstration happening outside of the laboratory, rendering the experimental task assigned to the subject more difficult than it
was supposed to be. Sub-figures (c) and (d) show matrices A for subject #1 and #3. Subject #3’s matrix seems sparser and most importantly,
we can see that there is a negative entry on the diagonal, a fact unique to subject #3.
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Figure 7: Effective brain activity simulation: Comparison of he real brain activity and the simulated ones using GEBM and MODEL0, for
the first four high ranking voxels (in the `2 norm sense).

Brain Functional Connectivity Estimating the brain’s functional
connectivity is an active field of study of computational neuro-
science. Examples of works can be found in [13, 8, 7]. There have
been a few works in the data mining community as well: In [16],
the authors derive the brain region connections for Alzheimer’s pa-
tients, and recently [5] that leverages tensor decomposition in order
to discover the underlying network of the human brain. Most re-
lated to the present work is the work of Valdes et al [19], wherein
the authors propose an autoregressive model (similar to MODEL0)
and solve it using regularized regression. However, to the best of

our knowledge, this work is the first to apply system identification
concepts to this problem.
Psychological Phenomena A concise overview of literature per-
taining to habitutation can be found in [17]. A more recent study
on habitutation can be found in [12]. The definition of priming, as
we describe it in the lines above concurs with the definition found
in [6]. Additionally, in [11], the authors conduct a study on the ef-
fects of priming when the human subjects were asked to write sen-
tences. The above concepts of priming and habituation have been
also studied in the context of spreading activation [1, 4] which is a
model of the cognitive process of memory.
Control Theory & System Identification System Identification is
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Figure 5: The functional connectivity derived from GEBM. The weights on the edges indicate the number of inferred connections. Our
results are consistent with research that investigates natural language processing in the brain.
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Brain Functional Connectivity Estimating the brain’s functional
connectivity is an active field of study of computational neuro-
science. Examples of works can be found in [13, 8, 7]. There have
been a few works in the data mining community as well: In [16],
the authors derive the brain region connections for Alzheimer’s pa-
tients, and recently [5] that leverages tensor decomposition in order
to discover the underlying network of the human brain. Most re-
lated to the present work is the work of Valdes et al [19], wherein
the authors propose an autoregressive model (similar to MODEL0)
and solve it using regularized regression. However, to the best of

our knowledge, this work is the first to apply system identification
concepts to this problem.
Psychological Phenomena A concise overview of literature per-
taining to habitutation can be found in [17]. A more recent study
on habitutation can be found in [12]. The definition of priming, as
we describe it in the lines above concurs with the definition found
in [6]. Additionally, in [11], the authors conduct a study on the ef-
fects of priming when the human subjects were asked to write sen-
tences. The above concepts of priming and habituation have been
also studied in the context of spreading activation [1, 4] which is a
model of the cognitive process of memory.
Control Theory & System Identification System Identification is
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Setup	  
•  Nine	  human	  subjects	  (balanced	  male/female)	  
•  All	  did	  same	  experiment	  (same	  noun/ques)on	  
pairs)	  
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“apple”	
“Is it edible?” (y/n)	

“knife”	
“Can it hurt you?” (y/n)	
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Figure 5: The functional connectivity derived from GEBM. The weights on the edges indicate the number of inferred connections. Our
results are consistent with research that investigates natural language processing in the brain.
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Figure 6: Multi-subject analysis: Sub-figures (a) and (b), show the real and imaginary parts of the eigenvalues of matrix A for each subject.
For all subjects but one (subject #3) the eigenvalues are almost identical, implying that the GEBM that captures their brain activity behaves
more or less in the same way. Subject #3 on the other hand is an outlier; indeed, during the experiment, the subject complained that he was
able to hear a demonstration happening outside of the laboratory, rendering the experimental task assigned to the subject more difficult than it
was supposed to be. Sub-figures (c) and (d) show matrices A for subject #1 and #3. Subject #3’s matrix seems sparser and most importantly,
we can see that there is a negative entry on the diagonal, a fact unique to subject #3.
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Figure 7: Effective brain activity simulation: Comparison of he real brain activity and the simulated ones using GEBM and MODEL0, for
the first four high ranking voxels (in the `2 norm sense).

Brain Functional Connectivity Estimating the brain’s functional
connectivity is an active field of study of computational neuro-
science. Examples of works can be found in [13, 8, 7]. There have
been a few works in the data mining community as well: In [16],
the authors derive the brain region connections for Alzheimer’s pa-
tients, and recently [5] that leverages tensor decomposition in order
to discover the underlying network of the human brain. Most re-
lated to the present work is the work of Valdes et al [19], wherein
the authors propose an autoregressive model (similar to MODEL0)
and solve it using regularized regression. However, to the best of

our knowledge, this work is the first to apply system identification
concepts to this problem.
Psychological Phenomena A concise overview of literature per-
taining to habitutation can be found in [17]. A more recent study
on habitutation can be found in [12]. The definition of priming, as
we describe it in the lines above concurs with the definition found
in [6]. Additionally, in [11], the authors conduct a study on the ef-
fects of priming when the human subjects were asked to write sen-
tences. The above concepts of priming and habituation have been
also studied in the context of spreading activation [1, 4] which is a
model of the cognitive process of memory.
Control Theory & System Identification System Identification is

•  Observa7ons	  
1.  GeBM	  produced	  almost	  same	  model	  for	  8/9	  

human	  subjects	  
2.  All	  subject	  but	  #3	  have	  same	  eigenvalues	  
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more or less in the same way. Subject #3 on the other hand is an outlier; indeed, during the experiment, the subject complained that he was
able to hear a demonstration happening outside of the laboratory, rendering the experimental task assigned to the subject more difficult than it
was supposed to be. Sub-figures (c) and (d) show matrices A for subject #1 and #3. Subject #3’s matrix seems sparser and most importantly,
we can see that there is a negative entry on the diagonal, a fact unique to subject #3.
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Brain Functional Connectivity Estimating the brain’s functional
connectivity is an active field of study of computational neuro-
science. Examples of works can be found in [13, 8, 7]. There have
been a few works in the data mining community as well: In [16],
the authors derive the brain region connections for Alzheimer’s pa-
tients, and recently [5] that leverages tensor decomposition in order
to discover the underlying network of the human brain. Most re-
lated to the present work is the work of Valdes et al [19], wherein
the authors propose an autoregressive model (similar to MODEL0)
and solve it using regularized regression. However, to the best of

our knowledge, this work is the first to apply system identification
concepts to this problem.
Psychological Phenomena A concise overview of literature per-
taining to habitutation can be found in [17]. A more recent study
on habitutation can be found in [12]. The definition of priming, as
we describe it in the lines above concurs with the definition found
in [6]. Additionally, in [11], the authors conduct a study on the ef-
fects of priming when the human subjects were asked to write sen-
tences. The above concepts of priming and habituation have been
also studied in the context of spreading activation [1, 4] which is a
model of the cognitive process of memory.
Control Theory & System Identification System Identification is

•  Explana)on:	  Connec)vity	  matrix	  for	  Subj.	  #3	  	  has	  
nega)ve	  self	  loop	  
•  (Road	  noise	  during	  experiment)	  
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Figure 7: Effective brain activity simulation: Comparison of he real brain activity and the simulated ones using GEBM and MODEL0, for
the first four high ranking voxels (in the `2 norm sense).

Brain Functional Connectivity Estimating the brain’s functional
connectivity is an active field of study of computational neuro-
science. Examples of works can be found in [13, 8, 7]. There have
been a few works in the data mining community as well: In [16],
the authors derive the brain region connections for Alzheimer’s pa-
tients, and recently [5] that leverages tensor decomposition in order
to discover the underlying network of the human brain. Most re-
lated to the present work is the work of Valdes et al [19], wherein
the authors propose an autoregressive model (similar to MODEL0)
and solve it using regularized regression. However, to the best of

our knowledge, this work is the first to apply system identification
concepts to this problem.
Psychological Phenomena A concise overview of literature per-
taining to habitutation can be found in [17]. A more recent study
on habitutation can be found in [12]. The definition of priming, as
we describe it in the lines above concurs with the definition found
in [6]. Additionally, in [11], the authors conduct a study on the ef-
fects of priming when the human subjects were asked to write sen-
tences. The above concepts of priming and habituation have been
also studied in the context of spreading activation [1, 4] which is a
model of the cognitive process of memory.
Control Theory & System Identification System Identification is

GeBM	  is	  produces	  realis)c	  brain	  ac)vity	  )me-‐series	  

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
S

�

In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)
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which eventually becomes Y0 =
⇥
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
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T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
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simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
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it is more beneficial to model the direct outcome of that process.
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of the person’s brain, which, in turn, cause the effect that we are
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as:
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• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for
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• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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T time-ticks of each experiment (340 ticks, of 5msec each)
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
S
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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may formulate the temporal evolution of the hidden brain activity
as:
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observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for
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• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
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model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
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equation in its matrix form:

Y0 � ⇥
A B

⇤ 
Y
S

�

There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B

�Y0 � ⇥
A B

⇤ 
Y
S

�
�2

F

and solve for
⇥
A B

⇤
by (pseudo)inverting


Y
S

�
.

• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
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m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
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y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
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Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:
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Figure 8: GEBM captures Habituation: Given repeated exposure
to a stimulus, the brain activity starts to fade.
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equation in its matrix form:
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There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B
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A B
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and solve for
⇥
A B

⇤
by (pseudo)inverting
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• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:
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Figure 9: GEBM captures Priming: When first shown the stimu-
lus apple, both neurons associated with the fruit ’apple’ and Apple
inc. get activated. When showing the stimulus iPod and then ap-
ple, iPod predisposes the neurons associated with Apple inc. to get
activated more quickly, while suppressing the ones associated with
the fruit.

a field of control theory. In the appendix we provide more theo-
retical details on subspace system identification, however, [10] and
[21] are the most prominent sources for system identification algo-
rithms.
Network Discovery from Time Series Our work touches upon
discovering underlying network structures from time series data;
an exemplary work related to the present paper is [22] where the
authors derive a who-calls-whom network from VoIP packet trans-
mission time series.

7. CONCLUSIONS
The list of our contributions is:
• Analytical model : We propose GEBM, a novel model of

the human brain functional connectivity.
• Algorithm: We introduce SPARSE-SYSID, a novel sparse

system identification algorithm that estimates GEBM
• Effectiveness: GEBM simulates psychological phenomena

(such as habituation and priming), as well as provides valu-
able neuroscientific insights.

• Validation: We validate our approach on synthetic data (where
the ground truth is known), and on real data, where our model
produces brain activity patterns, remarkably similar to the
true ones.

• Multi-subject analysis: We analyze measurements from 9
human subjects, identifying a consistent connectivity among
8 of them; we successfully identify an outlier, whose experi-
mental procedure was compromised.
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equation in its matrix form:
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There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B
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and solve for
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by (pseudo)inverting
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• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:
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Figure 8: GEBM captures Habituation: Given repeated exposure
to a stimulus, the brain activity starts to fade.
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equation in its matrix form:
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There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B
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and solve for
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• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4apple!
iPod!

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

apple (fruit)!

iPod!

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

Apple-inc!

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

1

2

3

4
−0.5

0

0.5

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

 

 

1 2 3 4

0.5
1

1.5
2

2.5
3

3.5 0

0.2

0.4

0.6

20 40 60 80 100 120 140
−1

−0.5

0

0.5

1

0

0.1

0.2

0.3

0.4

Top to bottom: (Left) Inputs, Outputs, Simulated Outputs (Right) Matrices A, C, B

 

 

0.5 1 1.5 2 2.5

1

2

3

4

Figure 9: GEBM captures Priming: When first shown the stimu-
lus apple, both neurons associated with the fruit ’apple’ and Apple
inc. get activated. When showing the stimulus iPod and then ap-
ple, iPod predisposes the neurons associated with Apple inc. to get
activated more quickly, while suppressing the ones associated with
the fruit.

a field of control theory. In the appendix we provide more theo-
retical details on subspace system identification, however, [10] and
[21] are the most prominent sources for system identification algo-
rithms.
Network Discovery from Time Series Our work touches upon
discovering underlying network structures from time series data;
an exemplary work related to the present paper is [22] where the
authors derive a who-calls-whom network from VoIP packet trans-
mission time series.

7. CONCLUSIONS
The list of our contributions is:
• Analytical model : We propose GEBM, a novel model of

the human brain functional connectivity.
• Algorithm: We introduce SPARSE-SYSID, a novel sparse

system identification algorithm that estimates GEBM
• Effectiveness: GEBM simulates psychological phenomena

(such as habituation and priming), as well as provides valu-
able neuroscientific insights.

• Validation: We validate our approach on synthetic data (where
the ground truth is known), and on real data, where our model
produces brain activity patterns, remarkably similar to the
true ones.

• Multi-subject analysis: We analyze measurements from 9
human subjects, identifying a consistent connectivity among
8 of them; we successfully identify an outlier, whose experi-
mental procedure was compromised.
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ABSTRACT
Given a simple noun such as apple, and a question such as is it ed-
ible?, what processes take place in the human brain? More specifi-
cally, given the stimulus, what are the interactions between (groups
of) neurons (also known as functional connectivity) and how can
we automatically infer those interactions, given measurements of
the brain activity? Furthermore, how does this connectivity differ
across different human subjects?

In this work we present a simple, novel good-enough brain model,
or GEBM in short, and a novel algorithm SPARSE-SYSID, which
are able to effectively model the dynamics of the neuron interac-
tions and infer the functional connectivity. Moreover, GEBM is
able to simulate basic psychological phenomena such as habitua-
tion and priming (whose definition we provide in the main text).

We evaluate GEBM by using both synthetic and real brain data.
Using the real data, GEBM produces brain activity patterns that are
strikingly similar to the real ones, and the inferred functional con-
nectivity is able to provide neuroscientific insights towards a better
understanding of the way that neurons interact with each other, as
well as detect regularities and outliers in multi-subject brain activ-
ity measurements.

Categories and Subject Descriptors
H.2.8 [Database Management]: Database Applications—Data min-
ing; G.3 [Mathematics of Computing]: Probability and Statis-
tics—Time series analysis; J.3 [Computer Applications]: Life and
Medical Sciences—Biology and genetics; J.4 [Computer Applica-
tions]: Social and Behavioral Sciences—Psychology

Keywords
Brain Activity Analysis; System Identification; Brain Functional
Connectivity; Control Theory; Neuroscience
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equation in its matrix form:

Y0 � ⇥
A B

⇤ 
Y
S

�

There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B

�Y0 � ⇥
A B

⇤ 
Y
S

�
�2

F

and solve for
⇥
A B

⇤
by (pseudo)inverting


Y
S

�
.

• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:
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Figure 1: Big picture: our GEBM estimates the hidden functional
connectivity (top right, weighted arrows indicating number of in-
ferred connections), when given multiple human subjects (left) that
respond to yes/no questions (e.g., edible?) for typed words (e.g.,
apple). Bottom right: GEBM also produces brain activity (in solid-
red), that matches reality (in dashed-blue).

Can we infer the brain activity for subject ’Alice’, when she is
shown the typed noun apple and has to answer a yes/no question,
like is it edible? Can we infer the connectivity of brain regions,
given numerous brain activity data of subjects in such experiments?
These are the first two goals of this work: single-subject, and multi-
subject analysis of brain activity.

The third and final goal is to develop a brain connectivity model,
that can also generate activity that agrees with psychological phe-
nomena, like priming1 and habituation2

Here we tackle all these challenges. We are given Magnetoen-
cephalography (MEG) brain scans for nine subjects, shown several
typed nouns (apple, hammer, etc), and being requested to answer
a yes/no question (is it edible?, is it dangerous?, and so on), by
pressing one of two buttons.
Our approach: Discovering the multi-billion connections among
the tens of billions [23, 2] of neurons would be the holy grail, and

1Priming illustrates the power of context: a person hearing the
word iPod, and then apple, will think of Apple-inc, as opposed to
the fruit apple
2 Habituation illustrates compensation: a person hearing the same
word all the time, will eventually stop paying attention.
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There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B
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• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:
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Figure 8: GEBM captures Habituation: Given repeated exposure
to a stimulus, the brain activity starts to fade.
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There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
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• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

⇥
A B

⇤
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n ⇥ 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:
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Figure 9: GEBM captures Priming: When first shown the stimu-
lus apple, both neurons associated with the fruit ’apple’ and Apple
inc. get activated. When showing the stimulus iPod and then ap-
ple, iPod predisposes the neurons associated with Apple inc. to get
activated more quickly, while suppressing the ones associated with
the fruit.

a field of control theory. In the appendix we provide more theo-
retical details on subspace system identification, however, [10] and
[21] are the most prominent sources for system identification algo-
rithms.
Network Discovery from Time Series Our work touches upon
discovering underlying network structures from time series data;
an exemplary work related to the present paper is [22] where the
authors derive a who-calls-whom network from VoIP packet trans-
mission time series.

7. CONCLUSIONS
The list of our contributions is:
• Analytical model : We propose GEBM, a novel model of

the human brain functional connectivity.
• Algorithm: We introduce SPARSE-SYSID, a novel sparse

system identification algorithm that estimates GEBM
• Effectiveness: GEBM simulates psychological phenomena

(such as habituation and priming), as well as provides valu-
able neuroscientific insights.

• Validation: We validate our approach on synthetic data (where
the ground truth is known), and on real data, where our model
produces brain activity patterns, remarkably similar to the
true ones.

• Multi-subject analysis: We analyze measurements from 9
human subjects, identifying a consistent connectivity among
8 of them; we successfully identify an outlier, whose experi-
mental procedure was compromised.
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
S

�

In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
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s(1) · · · s(T � 1)
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
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C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
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⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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y(t)
s(t)
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =
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s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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A B

⇤
LS
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
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our proposed approach which, under the assumptions that we have
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simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
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observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:
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to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)

�

which eventually becomes Y0 =
⇥
A B

⇤ 
Y
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
S

�†

.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.

Real and predicted MEG brain activity

0 10 20 30 40
0

0.1

0.2

0.3

0.4

 

 

real

LS

CCA

Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B
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y(t)
s(t)
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
,

Y0 =
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y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B
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y(t)
s(t)
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which eventually becomes Y0 =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
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Y0 =
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y(2) · · · y(T )

⇤
, and S =
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s(1) · · · s(T � 1)
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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⇤
LS
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
A B

⇤ 
y(t)
s(t)
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which eventually becomes Y0 =
⇥
A B

⇤ 
Y
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =

⇥
y(1) · · · y(T � 1)

⇤
,

Y0 =
⇥
y(2) · · · y(T )

⇤
, and S =

⇥
s(1) · · · s(T � 1)

⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥

Y
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.

• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j
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where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
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In the above equation, we arranged all the measurement vectors
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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LS
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
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C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
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REAL real part of a complex number
IMAG imaginary part of a complex number
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Table 1: Table of symbols

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
⇥
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)
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Y0 =
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y(2) · · · y(T )
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, and S =
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)

The B[m⇥s] matrix shows how the s input signals affect the m
brain-regions.

To solve for A,B, notice that: y(t + 1) =
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In the above equation, we arranged all the measurement vectors
y(t) in matrices: Y =
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y(1) · · · y(T � 1)

⇤
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Y0 =
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y(2) · · · y(T )

⇤
, and S =
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⇤

This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-

Penrose pseudo-inverse, i.e.
⇥
A B

⇤
LS

= Y0 ⇥
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for

⇥
A B

⇤

• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)
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The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

where A is the m ⇥ m connectivity matrix of the m brain regions.
Including the (linear) influence of the input stimulus s(t), we reach
the MODEL0:

y(t + 1) = A[m⇥m] ⇥ y(t) + B[m⇥s] ⇥ s(t) (1)
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This is a well-known, least squares problem. We can solve it ’as
is’; we can ask for a low-rank solution; or for a sparse solution -
none yields a good result, but we briefly describe each, next.

• Least Squares (LS): The solution is unique, using the Moore-
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• Canonical Correlation Analysis (CCA): The reader may be
wondering: what if we have over-fitting here - why not ask
for a low-rank solution. This is exactly what CCA does [14].
It solves for the same objective function as in LS, further
requesting low rank r for
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• Sparse solution: what if we solve the least squares problem,
further requesting a sparse solution? We tried that, too, with
`1 norm regularization.

None of the above worked. Fig. 2 shows the real brain activ-
ity (dotted-blue line) and predicted activity, using LS (pink) and
CCA (black), for a particular voxel. The solutions completely fail
to match the trends and oscillations. The results for the `1 regular-
ization, and for several other voxels, are similar to the one shown,
and omitted for brevity.
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Figure 2: MODEL0 fails: True brain activity (dotted blue) and the
model estimate (pink, and black, resp., for the least squares, and for
the CCA variation).

The conclusion of this subsection is that we need a more compli-
cated model, which leads us to GEBM, next.

3.2 Proposed approach: GeBM
Before we introduce our proposed model, we should introduce

our notation, which is succinctly shown in Table 1.
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

Symbol Definition
n number of hidden neuron-regions
m number of MEG sensors/voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n⇥n] connectivity matrix between neurons (or neuron regions)
C[m⇥n] summarization matrix (neurons to voxels)
B[n⇥s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A
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In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to
model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp. In MODEL0, we attempt to model the dynamics
of the sensor measurements directly. However, by doing so, we are
directing our attention to an observable proxy of the process that
we are trying to estimate (i.e. the functional connectivity). Instead,
it is more beneficial to model the direct outcome of that process.
Ideally, we would like to capture the dynamics of the internal state
of the person’s brain, which, in turn, cause the effect that we are
measuring with our MEG sensors.

Let us assume that there are n hidden (hyper-)regions of the
brain, which interact with each other, causing the activity that we
observe in y. We denote the vector of the hidden brain activity as
x of size n ⇥ 1. Then, by using the same idea as in MODEL0, we
may formulate the temporal evolution of the hidden brain activity
as:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

A subtle issue that we have yet to address is the fact that x is not
observed and we have no means of measuring it. We propose to
resolve this issue by modelling the measurement procedure itself,
i.e. model the transformation of a hidden brain activity vector to its
observed counterpart. We assume that this transformation is linear,
thus we are able to write

y(t) = C[m⇥n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t + 1) = A[n⇥n] ⇥ x(t) + B[n⇥s] ⇥ s(t)

y(t) = C[m⇥n] ⇥ x(t)

(2)
(3)

The key concepts behind GEBM are:
• (Latent) Connectivity Matrix: We assume that there are

n regions, each containing 1 or more neurons, and they are
connected with an n ⇥ n adjacency matrix A[n⇥n]. We only
observe m voxels, each containing multiple regions, and we
record the activity (eg., magnetic activity) in each of them;
this is the total activity in the constituent regions

• Measurement Matrix: Matrix C[m⇥n] is an m ⇥ n matrix,
with ci,j =1 if voxel i contains region j

We	  plot	  the	  
output	  of	  the	  	  
sensor	  



Introducing GeBM	


•  Model0	  ignores	  an	  important	  aspect:	  
² MEG	  measures	  indirectly	  the	  brain	  ac)vity	  

•  Brain	  has	  latent/unobserved	  states	  
• We	  need	  a	  model	  that	  captures	  that	  
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