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Supervised Learning on fMRI: Face vs. House

3

[Gramfort et al. 2011]

• The more data the better

• Almost no noise

Binary classification results

[Pedregosa, Varoquaux,
Gramfort et al. JMLR 2011]

It’s often much harder:

• Smaller effect sizes

• Intersubject variability

• Device variability etc.
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Outline: From unsupervised to self-supervised

5

Banville, H., Chehab, O., Hyvärinen, A., Engemann, D. and Gramfort, 
A. (2020), Uncovering the structure of clinical EEG signals with self-
supervised learning, Journal of Neural Engineering

 Self-supervised learning on EEG data

 Unsupervised learning: From ICA to multiview ICA

P.  Ablin,  J-F Cardoso,  A. Gramfort (2017), Faster independent component analysis by 
preconditioning with Hessian approximations, IEEE Trans. Sig. Proc.

H. Richard, L. Gresele,  A. Hyvärinen, B. Thirion,  A. Gramfort,  P.  Ablin (2020), Modeling Shared 
Responses in Neuroimaging Studies through MultiView ICA, Proc. NeurIPS
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[Faster independent component analysis by preconditioning with Hessian approximations,
P.  Ablin, J.-F. Cardoso & A. Gramfort 2017 IEEE Trans. Signal Processing]

1 From Independent Component Analysis 
(ICA) to multivew ICA

Code: https://pierreablin.github.io/picard

https://pierreablin.github.io/picard


[Faster independent component analysis by preconditioning with Hessian approximations,
P.  Ablin, J.-F. Cardoso & A. Gramfort 2017 IEEE Trans. Signal Processing]

1 From Independent Component Analysis 
(ICA) to multivew ICA

First objective:
Accelerate ICA solvers

Code: https://pierreablin.github.io/picard

https://pierreablin.github.io/picard
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Linear ICA model: X = AS
• Assumption: Observed signals are a linear mix of 

independent identically distributed signals.

• : Number of signals

• : Number of samples

• : Observed signals

• : Independent sources signals

• : Mixing matrix

N
T
X
S
A

7

Both  and  are 
unknown

A S

S

=

X A

[Jutten & Herault 91, Bell & Sejnowski 1995, Hyvärinen 1997]

X ∈ ℝN×T A ∈ ℝN×N S ∈ ℝN×T
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Why should you care?
• Used in neuroimaging to find “brain networks” (not neural 

networks…) in functional MRI data

8

Source: http://nilearn.github.io/auto_examples/03_connectivity/plot_canica_resting_state.html 

http://nilearn.github.io/auto_examples/03_connectivity/plot_canica_resting_state.html
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Sample 
EEG 
Decomposi
tion 

Credit: J. Onton 

X

Ŝ

Source: EEGLAB software documentation 



Principles of (non-Gaussian) ICA

Objective: Find  s.t.  has maximally independent rows.W WX

X = AS

Model: Let  denote the unmixed dataY = WX
p(Y(t)) = p1(Y1(t))…pN(YN(t))
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Principles of (non-Gaussian) ICA

Objective: Find  s.t.  has maximally independent rows.W WX

X = AS

Model: Let  denote the unmixed dataY = WX
p(Y(t)) = p1(Y1(t))…pN(YN(t))

ℒ(W) = log | det W | + 𝔼t (
N

∑
i=1

log pi(Yi(t)))
[Pham & Garat 1997]

leads to:

Likelihood: With Y = g(X) = WX
p(X) = p(g(X)) | det Jg(X) | = p(Y) | det W |

cf. RealNVP [Dinh et al. 2016] 
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∑
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∑
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Optimization problem

min
W∈ℝN×N

− log | det W | −
1
T

T

∑
t=1 (

N

∑
i=1

log pi(Yi(t)))
● Infomax model [Bell & Sejnowski 1995]

ψi( ⋅ ) = − log(pi( ⋅ ))′￼= tanh( ⋅ /2)

pi( ⋅ ) ∝
1

cosh( ⋅ )

−log(pi( ⋅ )) = log(cosh( ⋅ )) + c

Density

Score function:

Heavy-tail
“sparse”
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Geometry of the problem

• non-convex (multiple minima)

• Optimization on the invertible matrices manifold

• Use of a relative framework

12

         Absolute                              Relative

                Wn+1 = Wn + δW Wn+1 = (IN + δW)Wn
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Relative gradient / Hessian

• Gradient		is	a	 	matrix:N × N

13

Relative matrix form Taylor expansion:

L((I + E)W ) = L(W ) + hG|Ei+
1

2
hE|H|Ei+O(||E||3)

Gij = E[ i(yi)yj ]� �ij

Hijkl = �il�jk + �ikE[ 0
i(yi)yjyl]

• Hessian	is	a	 	Fourth	order	tensor.N × N × N × N

simple
expressions
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(relative) Newton method

14

Hijkl = �il�jk + �ikE[ 0
i(yi)yjyl]

Wn+1 = (I �H
�1

G)WnOne iteration:

Newton method is possible but not practical

Problem:
Large linear system / regularization needed
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But…

15

It does not work with real data !

Simulation EEG
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L-BFGS algorithm with Hessian approx.

● Combine L-BFGS with Hessian approx.

● Replace diagonal initial guess by Hessian approx.

● The rest is the same (although written with 
relative gradients)…

16

[P. Ablin, J.-F. Cardoso, A. Gramfort,
Faster ICA by preconditioning with Hessian approximations, IEEE TSP 2017]

[Liu, D. C., & Nocedal, J. « On the limited memory BFGS method for large scale 
optimization. » Mathematical programming, 1989]

Idea: 



Real data

EEG

Functional MRI

Image patches



What if you have multiple sets , e.g.
from a population?

Multiview ICA

X

[Modeling Shared Responses in Neuroimaging Studies through MultiView ICA
Richard, H., Gresele, L., Hyvärinen, A., Thirion, B., Gramfort, A., Ablin, P. (2020).  Proc. NeurIPS]

[Shared Independent Component Analysis for Multi-Subject Neuroimaging
Richard, H.,  Ablin, P., Thirion, B., Gramfort, A., Hyvärinen, A. (2021).  Proc. NeurIPS] 



Towards naturalistic stimuli

19

ICA Group ICA MultiViewICA SharedICA Experiments Conclusion

General linear model

f (·): Hemodynamic response (Poldrack, Handbook of functional MRI
data analysis, 2011 - section 5)

Hugo Richard (Inria) PhD Defense December 17, 2021 5 / 56

Controlled stimuli

X ∈ ℝN×T

S ∈ ℝP×T

A ∈ ℝN×P

+noise
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? ? ? ? ? 
? 
? 
?A ∈ ℝN×PX ∈ ℝN×T

S ∈ ℝP×T

+noise

i i

subjects/views
i = 1,…, M

Sources are
shared by 
subjects

N



Multiview ICA

20

Model:

Assumptions:
Source independence:

Gaussian noise: independent across components 
and independent from sources

[Richard et al. NeurIPS 2020]

Data for subject iXi = Ai(S + Ni), i = 1,…, M Xi

p(S(t)) = q(S1(t))…q(SN(t))
Ni

j(t) ∼ 𝒩(0,σ2)

density as in Infomax ( )1/cosh



Multiview ICA

20

Model:

Assumptions:
Source independence:

Gaussian noise: independent across components 
and independent from sources

[Richard et al. NeurIPS 2020]

Data for subject iXi = Ai(S + Ni), i = 1,…, M Xi

p(S(t)) = q(S1(t))…q(SN(t))
Ni

j(t) ∼ 𝒩(0,σ2)

density as in Infomax ( )1/cosh

ℒ(Wi) = −
M

∑
i=1

log | det Wi | + f(S̃) +
1

2σ2

M

∑
i=1

∥WiXi − S̃∥2

S̃ =
1
M

M

∑
i=1

WiXi f(S) =
N

∑
j=1

f(Sj)
Unmixing matrix 

for subject i
Wi

f(Sj) = ∫ exp (−
1

2σ2
Mz2) q(Sj − z)dz Smoothed density

“ICA term” “Error term”



Optimization (same recipe)

21[Ablin et al. IEEE TSP 2017, Richard et al. NeurIPS 2020]

Multiplicative updates

Relative “Newton descent” direction

Sparse Hessian ( ) 
Approximation with  non-zeros

N × N × N × N
N2

Objective: Minimize the negative log-likelihood 
using a block-coordinate Newton descent 

ℒ

Wi = (I + ρDi)Wi

Di = − (H̃i)−1Gi

H̃i



fMRI time segment matching

22[Richard et al. NeurIPS 2020]

We select a target time-segment (9 consecutive timeframes) 
in the shared responses and try to localize the corresponding 

time-segment in the sources of the left-out subject using a 
maximum-correlation classifier

Modeling shared responses in neuroimaging studies
through MultiViewICA

Hugo Richard
1
, Luigi Gresele

2
, Aapo Hyvarinen

1, 3, 5
, Bertrand Thirion

1
, Alexandre Gramfort

1
, Pierre Ablin

4

1
Inria, CEA, Université Paris-Saclay, France

2
MPI for Intelligent Systems, Tübingen, Germany

3
Department of Computer Science HIIT,

University of Helsinki, Finland
4
CNRS and DMA, Ecole Normale Supérieure - PSL University, France

5
DataIA, France

Problem
•Uncover the neural responses of multiple subjects exposed

to the same naturalistic stimuli (e.g. movie watching).
•Most approaches aggregate the data in a single dataset

before applying o�-the-shelf ICA, hence they are not
asymptotically-e�cient.

Solution: MultiViewICA
MultiViewICA is the first principled approach to perform
multi-subjects ICA with a closed-form likelihood. It is robust
to parameter misspecification and yields better results in prac-
tice.

MultiViewICA

Given m subjects, we model the data x̨ i œ Rk of subject i as
x̨ i = Ai(s̨ + n̨ i), i = 1, . . . , m (1)

•H1: Independent sources s̨ œ Rk, p(s̨) = d(s1) · · · d(sk)
•H2: Gaussian noise ni

k ≥ N (0, ‡2) independent across
components and independent from sources (but on the source
side)

A closed form likelihood
L = ≠ Pm

i=1 log |W i| + 1
2‡2

Pm
i=1 ÎW ix̨ i ≠ ˜̨sÎ2 + f (˜̨s)

where ˜̨s = Pn
i=1

W ix̨ i

n , f (s) = f (s1) + · · · + f (sk), f is d smoothed
by a Gaussian kernel: f (sj) = R exp(≠ 1

2‡2mz2)d(sj ≠ z)dz
Optimization via alternate quasi-Newton:
•Multiplicative updates W i = (I + flDi)W i,
•Di = H̃i

≠1
Gi where Gi is the relative gradient and H̃i a sparse

approximation of the hessian Hi which is defined as:
L((I + Á)W i)) = L(W i) + ÈÁ, GiÍ + ÈÁ, HiÁÍ, Hi œ Rp◊p◊p◊p

•Hi has O(p3) non-zero coe�cients while H̃i has only O(p2).
The approximation is exact when components of y̨ are
independent.

Identifiability of MultiViewICA

Consider x̨ i = Ai(s̨ + n̨ i), i = 1, . . . , m ni
k ≥ N (0, ‡2), p(s̨) =

d(s1) · · · d(sk). Let us assume that s̨ has at most one Gaussian com-
ponent and x̨ i = AÕi(s̨Õ + n̨Õ i), i = 1, . . . , m, nÕi

k ≥ N (0, ‡Õ2) and
p(s̨Õ) = dÕ(sÕ

1) · · · dÕ(sÕ
k).

Then, ÷P œ Rk◊k a scale and permutation matrix s. t. ’iAÕi = AiP .

Synthetic experiment

Data generated according to model 1 with d(x) = 1
2 exp(≠|x|) and

ni
k ≥ N (0, ‡2). Model specifications for learning are d(x) Ã 1

cosh(x)
and ni

k ≥ N (0, 1)

Figure 1:MultiViewICA is robust to parameter misspecification.

MEG Phantom experiment

8 dipoles in a plastic head at di�erent locations can be switched on
and o�. They emit the same known signal Strue during n epochs. 20
sources are estimated: the best one is compared with Strue.

Figure 2:MultiViewICA recovers the true source in fewer epochs than other methods.

fMRI Timesegment matching

We select a target time-segment (9 consecutive timeframes) in
the shared responses and try to localize the corresponding time-
segment in the sources of the left-out subject using a maximum-
correlation classifier.
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Figure 3:MultiViewICA yields higher timesegment matching accuracy.

MEG CamCAN

We apply MultiViewICA with 20 components on the MEG data
of 200 subjects exposed to an audio-visual stimulus. We display
11 common sources and perform source localization.

Figure 4:MultiViewICA recovers a clean sequence of evoked potentials
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Experiment on MEG data

23[Richard et al. NeurIPS 2020]

Brain imaging experiments

Code: https://github.com/hugorichard/multiviewica
Evoked potentials of 200 subjects exposed to an audio visual

stimuli

See also: https://arxiv.org/abs/2006.06635
Hugo Richard et al. MultiView ICA NeurIPS 2020 14 / 14

MEG data from Cam-CAN dataset
with 200 subjects attending to audiovisual stimuli



Self-supervised learning on EEG
2

Uncovering the structure of clinical EEG signals with self-supervised learning
Banville, H., Chehab, O., Hyvärinen, A., Engemann, D. and Gramfort, A. (2020)

Journal of Neural Engineering & ArXiv abs/2007.16104
Self-supervised representation learning from electroencephalography signals

Banville, H., Albuquerque, I., Moffat, G., Engemann, D. and Gramfort, A. (2019)
Proc. Machine Learning for Signal Processing (MLSP) .
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Deep Learning papers on EEG

25

[Deep learning-based electroencephalography analysis: a systematic review
Roy, Y., Banville, H., Albuquerque, I., Gramfort, A., Falk, T. and Faubert, J. (2019)

Journal of Neural Engineering 16: (051001).]
Figure 5: Number of publications per domain per year. To simplify the figure, some of the categories defined in Fig. 4
have been grouped together.

3.3.1 Quantity of data

We make use of two different measures to report the amount of data used in the reviewed studies: 1) the number of
examples available to the deep learning network and 2) the total duration of the EEG recordings used in the study, in
minutes. Both measures include the EEG data used across training, validation and test phases. For an in-depth analysis
of the amount of data, please see the data items table which contains more detailed information.

The left column of Fig. 6 shows the amount of EEG data, in minutes, used in the analysis of each study, including
training, validation and/or testing. Therefore, the time reported here does not necessarily correspond to the total
recording time of the experiment(s). For example, many studies recorded a baseline at the beginning and/or at the
end but did not use it in their analysis. Moreover, some studies recorded more classes than they used in their analysis.
Also, some studies used sub-windows of recorded epochs (e.g. in a motor imagery BCI, using 3 s of a 7 s epoch). The
amount of data in minutes used across the studies ranges from 2 up to 4,800,000 (mean = 62,602; median = 360).

The center column of Fig. 6 shows the amount of examples available to the models, either for training, validation
or test. This number presents a relevant variability as some studies used a sliding window with a significant overlap
generating many examples (e.g., 250 ms windows with 234 ms overlap, therefore generating 4,050,000 examples from
1080 minutes of EEG data [154]), while some other studies used very long windows generating very few examples
(e.g., 15-min windows with no overlap, therefore generating 62 examples from 930 minutes of EEG data [48]). The
wide range of windowing approaches (see Section 3.3.4) indicates that a better understanding of its impact is still
required. The number of examples used ranged from 62 up to 9,750,000 (mean = 251,532; median = 14,000).

The right column of Fig. 6 shows the ratio between the amount of data in minutes and the number of examples. This
ratio was never mentioned specifically in the papers reviewed but we nonetheless wanted to see if there were any
trends or standards across domains and we found that in sleep studies for example, this ratio tends to be of two as
most people are using 30 s non-overlapping windows. Brain-computer interfacing is seeing the most sparsity perhaps
indicating a lack of best practices for sliding windows. It is important to note that the BCI field is also the one in
which the exact relevant time measures were hardest to obtain since most of the recorded data isn’t used (e.g. baseline,
in-between epochs). Therefore, some of the sparsity on the graph could come from us trying our best to understand
and calculate the amount of data used (i.e., seen by the model). Obviously, in the following categories: generation of
data, improvement of processing tools and others, this ratio has little to no value as the trends would be difficult to
interpret.

The amount of data across different domains varies significantly. In domains like sleep and epilepsy, EEG recordings
last many hours (e.g., a full night), but in domains like affective and cognitive monitoring, the data usually comes from
lab experiments on the scale of a few hours or even a few minutes.

3.3.2 Subjects

Often correlated with the amount of data, the number of subjects also varies significantly across studies (see Fig. 7).
Half of the datasets used in the selected studies contained fewer than 13 subjects. Six studies, in particular, used

11



Self-supervisionSelf-supervision to the rescue

E.g.: Jigsaw puzzle task from Noroozi & Favaro (2016)

Other examples: word2vec, BERT, nonlinear ICA, etc.

In a nutshell: use the structure of the data to pretrain a feature 
extractor with a supervised (“pretext”) task – then use the features.

Original image Input patches Output

[Noroozi & Favaro 2016] use a deep neural network to solve 
the Jigsaw puzzle

Use the structure of the data to pretrain a 
feature extractor with a supervised pretext task –  

then use the features on a downstream task.



(Partial) History of SSL beyond EEG

27

 6

An incomplete look at self-supervision 
in other domains

...
Mikolov et al. 

word2vec
Doersch et al. 

Context prediction

Noroozi et al. 
Jigsaw puzzles

Misra et al. 
Shu#e & Learn

Hyvärinen &  
Morioka 

PCL

Hyvärinen et al. 
GCL

Devlin et al. 
BERT

Oord et al. 
CPC

He et al. 
MoCo

Chen et al. 
SimCLR

Computer vision

NLP

Nonlinear ICA

Application domains

Remarks: Heavily based on contrastive learning
and possibly data augmentation techniques
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Polysomnography (PSG)

• Clinical exam

• Electrophysiological signals

28

Electro-oculography
(EOG)

Electro-encephalography
(EEG)

Electro-myography
(EMG)
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Polysomnography (PSG)

• Clinical exam

• Electrophysiological signals

28

Electro-oculography
(EOG)

Electro-encephalography
(EEG)

Electro-myography
(EMG)

Routinely annotated by 
sleep experts



2 types of annotations
Hypnogram 

of sleep stages

Micro-events:
Spindles, K-complex etc.

[S. Chambon et al. (2018), J. of Neuroscience Methods]

[S. Chambon et al. (2018), IEEE Trans. Neural Systems and Rehabilitation Engineering]



2 types of annotations
Hypnogram 

of sleep stages

Micro-events:
Spindles, K-complex etc.

Classification 
problem

[S. Chambon et al. (2018), J. of Neuroscience Methods]

[S. Chambon et al. (2018), IEEE Trans. Neural Systems and Rehabilitation Engineering]



2 types of annotations
Hypnogram 

of sleep stages

Micro-events:
Spindles, K-complex etc.

Classification 
problem

Joint detection and 
classification problem

[S. Chambon et al. (2018), J. of Neuroscience Methods]

[S. Chambon et al. (2018), IEEE Trans. Neural Systems and Rehabilitation Engineering]
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Sleep scoring: Downstream Task

30

PSG data
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Sleep scoring: Downstream Task
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x 2 X
PSG data
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Sleep scoring: Downstream Task

30

Learn: f̂ : X ! Y
Y = {Awake, REM, Stage 1, Stage 2, etc.}

x 2 X
PSG data
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Sleep scoring: Downstream Task

30

Learn: f̂ : X ! Y
Y = {Awake, REM, Stage 1, Stage 2, etc.}

x 2 X
PSG data

Multiclass prediction problem
Input is multiple time series
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Pretext Task
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Predict if 2 windows of data are close in time

Related to PCL [Hyvärinen et al. 2017]
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Downstream tasks on clinical EEG

32

Sleep staging:

Predict sleep stage from EEG 
(5-class: W, N1, N2, N3, R)

Hypnogram

•Dataset: Physionet Challenge 2018 (PC18) [Ghassemi et al. 2018]
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Downstream tasks on clinical EEG

32

Sleep staging:

Predict sleep stage from EEG 
(5-class: W, N1, N2, N3, R)

Hypnogram

•Dataset: Physionet Challenge 2018 (PC18) [Ghassemi et al. 2018]

Pathology detection:

Is someone’s EEG pathological? 
(2-class: normal, abnormal)

•Dataset: TUH Abnormal EEG (TUHab) [López 2017]
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Datasets

33

Two public datasets with hundreds of recordings:

•Sleep staging: Physionet Challenge 2018 (PC18) [Ghassemi et al. 2018]

•Pathology detection: TUH Abnormal EEG (TUHab) [López 2017]



Results: Prediction accuracy

34

SSL is better than full supervision when limited data is 
available, and competitive when all data is available.

Using a CNN (2 conv/relu/mp) layers described in [Chambon et al. 2017]



Results on sleep EEG

35[Banville et al. MLSP 2019]

SSL can uncover structure without human supervision



Results on TUH data

36

SSL can uncover clinically-relevant structure 
without human supervision

TS

CPC

PC18 TUHab
p(apnea) Age groups Age groups p(female)p(pathological)

A B
p(female)
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“All models are wrong but some come with good open source 
implementation and good documentation so use those.”



http://scikit-learn.org



http://mne.tools

http://mne.tools


>>> import mne
>>> raw = mne.io.read_raw_edf('SC4001E0-PSG.edf')
>>> annot = mne.read_annotations('SC4001EC-Hypnogram.edf')
>>> raw.set_annotations(annot)
>>> events, event_id = mne.events_from_annotations(raw)
>>> epochs = mne.Epochs(raw, events, event_id, tmin=0.,

               tmax=30., baseline=None)
>>> epochs['Sleep stage W’].plot_psd(fmax=20., picks=[0, 1]))

https://mne.tools/stable/auto_tutorials/clinical/60_sleep.html 

Working with EEG
sleep data in 7 lines

of Python code

https://mne.tools/stable/auto_tutorials/clinical/60_sleep.html


https://braindecode.org 

https://braindecode.org


https://braindecode.org 

https://braindecode.org


https://mvlearn.github.io  

[Perry, Ronan, et al. "mvlearn: Multiview Machine Learning in Python.”
Journal of Machine Learning Research 22.109 (2021): 1-7.]

https://mvlearn.github.io


Thanks !

GitHub : @agramfort Twitter : @agramfort

Support ERC SLAB,  ANR-14-NEUC-0002-01
NIH R01 MH106174, ANR AI Chaire BrAIN, ANR AI-Cog

http://alexandre.gramfort.netContact
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