Tales from fMRI

Learning from limited labeled data
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fMRI data

mp ~ 100000 voxels per map
m Heavily correlated + structured noise
mlow SNR: ~5% ~ —13dB

Brain response maps  (activation)
mn ~ Hundreds, maybe thousands

Resting-state  (no cognitive labels)
mn ~ 100-10000 per subject

m Thousands of subjects

m No salient structure
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TLiDR B
m Estimators with small sample complexity

mIncreasing the amount of data
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Outline of this talk B 2

1 Regularizing linear models

‘2 Covariance estimation
B 5 S
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1 Regularizing linear models
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p~ 50000
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1 Regularizing linear models
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1 Sample complexity, ¢; versus ¢, regularization

Def Sample complexity: n required for small error w.h.p.

Rotationally invariant estimators are data hungry
Thm For rotational invariant estimators,
sample complexity > O(p) [Ng 2004]

SVM * g ridge ;
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Def Sample complexity: n required for small error w.h.p.

Rotationally invariant estimators are data hungry
Thm For rotational invariant estimators,
sample complexity > O(p) [Ng 2004]

Sparsity, compressive sensing

To recover k non-zero coefficients, n ~ klogp
[Wainwright 2009]

SVM * g ridge ; : lq ¢

G Varoquaux



1 Sample complexity, ¢; versus ¢, regularization

Def Sample complexity: n required for small error w.h.p.

Rotationally invariant estimators are data hungry
Thm For rotational invariant estimators,
sample complexity > O(p) [Ng 2004]

Sparsity, compressive sensing

To recover k non-zero coefficients, n ~ klogp
[Wainwright 2009]

Fragile to correlations in the design 0

Correlated design on support breaks

{1 beyond repair
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1 Structured sparsity:

G Varoquaux

variations on Total variation

Total-variation penalization
Impose sparsity on the gradient
of the image:

p(w) = (1(Vw)
In fMRI: [Michel... 2011]



1 Structured sparsity: variations on Total variation

Total-variation penalization
Impose sparsity on the gradient
of the image:

p(w) = (1(Vw)
In fMRI: [Michel... 2011]

TV-/;: Sparsity + regions
W = argmin /(y — Xw) + A(p (1(w) + (1 — p) TV (w))

I: data-fit term [Baldassarre... 2012, Gramfort... 2013]
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1 Structured sparsity: variations on Total variation

Total-variation penalization
Impose sparsity on the gradient
of the image:

p(w) = (Vw)
In fMRI: [Michel... 2011]
Analysis sparsity: | Kwl|1
TV-/;: Sparsity + regions
W = argmin /(y — Xw) + A(p (1(w) + (1 — p) TV (w))

[: data-fit term

[Baldassarre... 2012, Gramfort... 2013]

G Varoquaux



1 TV-¢; works

m Good prediction performance

m Segment the relevant regions
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1 TV-¢; works

m Good prediction performance

m Segment the relevant regions

SVM . ridge sparse TV-(;

Computational costly
m Hyper-parameter selection brittle
m Tedious convergence
G Varoquaux 8



1 Hyper-parameter selection

Hyper-parameter setting important for ¢; models

m Cross-validation, rather than hold-out, for small n

G Varoquaux



1 Hyper-parameter selection

Cross-validation Full tralning set

Subsampling

Fitting with each
hyperparameter

Average models with
the same hyperparameter
Wy,

Select the best
hyperparameter

Refit the model
(final model)




1 Hyper-parameter selection

Cv-bagging Full training set

Subsampling

Fitting with each

hyperparameter Q
Select the v

Ao A
Y/
Averaging
(final model)

Bagging reduces variance
[Maillard... 2017, Mclnerney 2017]

best model
per CV fold




1 Fixing sparsity with clustering

Idea: cluster together correlated features

clustering to form reduced features

sparse linear model on reduced features

[Varoquaux... 2012]
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1 Fixing sparsity with clustering and bagging

Idea: cluster together correlated features

loop: perturb randomly data
clustering to form reduced features

sparse linear model on reduced features

accumulate non-zero features

[Varoquaux... 2012]
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1 FREM: ensembling everything  [Hoyos-Idrobo
Bagging:
m Clustering for dimension reduction
m Feature selection
m Linear model
m Hyper-parameter selection (CV-bagging)

Empirical results

prediction score
-10% -5% 0% 5% 10% 15%
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1 FREM: ensembling everything  [Hoyos-Idrobo... 2017]

Bagging:
m Clustering for dimension reduction
m Feature selection
m Linear model
m Hyper-parameter selection (CV-bagging)

Empirical results
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1 FREM: ensembling everything  [Hoyos-Idrobo... 2017]
Bagging:
m Clustering for dimension reduction
m Feature selection
m Linear model
m Hyper-parameter selection (CV-bagging)

Empirical results

computation time

-10% -5% por&dicgo(/)on 0% 15% -04 —o.zwei%.%t Sta(l)).gity 0.475X 3x 1x 4x
Graph-net I—.EH I—:-j*-'\-l LO-I
TV-t; r--ﬁ—-i : l—&w -+
Log-enet bﬁ—v—l l-%i.—‘rl ( h‘-‘f
SVM-t, e Ll T o
rrow | el L - ] |

G Varoquaux 12



1 FREM: ensembling everything  [Hoyos-ldrobo... 2017|

Lessons learned trying to regularize
m Sparsity is not enough: structure is needed

m Optimal sparse-structured is finicky and expensive

m Ensemble greedy approaches

Empirical results

computation time

prediction score wei%ht stability 1 1
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2 Covariance estimation

/ "\

Graphs of brain function

% . Covariances capture interactions
; between regions

[
NS
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2 Gaussian graphical models

m Multivariate normal:

P(X) o |- 1e X E X

m Model parametrized by inverse covariance matrix,
K = X~ !: conditional covariances

X,'JLXJ'<:>K,'J:0

m Graphical lasso: ¢1-penalized MLE
Maximum-likelihood of K needs O(p?) samples.
{1 enables support recovery [Ravikumar... 2011]

G Varoquaux 14



2 Gaussian graphical models

m Multivariate normal:

P(X) o |- 1e X E X

m Model parametrized by inverse covariance matrix,

Sample complexity of recovering s edges
n= O((s + p) log(p))

s = o(y/p)

m Graphical lasso: ¢1-penalized MLE
Maximum-likelihood of K needs O(p?) samples.
{1 enables support recovery [Ravikumar... 2011]
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2 Larger n: multi-subject sparse covariance

Common independence structure but different
connection values

{K*} = argmin ¥ L(X°|K®) + Al ({K*})
{Ks>0} =

Multi-subject data fit, Group-lasso penalization
Likelihood

[Varoquaux... 2010]
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2 Larger n: multi-subject sparse covariance

Common independence structure but different
connection values

{K*} = argmin ¥ L(X°|K®) + Al ({K*})
{Ks>0} =

Multi-subject data fit, /1 on the connections of
Likelihood the ¢/, on the subjects

[Varoquaux... 2010]

G Varoquaux 15



2 Is sparse recovery the right question?

Our goal may be to compare patients

m /1 recovery is unstable
m Brain graphs are not that sparse

Between-subject differences may be sparse
[Belilovsky... 2016]

Which risk should we minimize

on the covariance?
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2 James-Stein and Ledoit-Wolf

James-Stein shrinkage
To estimate a mean 0:

2

S
][0 —bguess|

éJS = (]. — Oé) HMLE + Oleguess whith a ~

é_js dominates éMLE for the MSE

Ledoit-Wolf covariance shrinkage estimator

iLW = (1 — Oz) 2\E + atrace(ZMLE)l
with « oracle for n — oo,g — cst

fLW dominates fMLE for the MSE
[Ledoit and Wolf 2004]
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2 James-Stein and Ledoit-Wolf

James-Stein shrinkage
To estimate a mean 0:

éJS =(1—a)Oue + 0 Oguess whith o ~ .

For inter-subject comparison, Ledoit-Wolf performs

as well as /; estimators, but faster & less brittle.
Ledoit-Wolf covariance shrinkage estimator

iLW = (]. — Oz) 2\E + atrace(ZMLE)l
with « oracle for n — oo,g — cst

fLW dominates fMLE for the MSE
[Ledoit and Wolf 2004]
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2 James-Stein shrinkage for population models

Shrinkage with order-2 moment

mShrinkage = MMSE = Bayesian posterior mean
for Gaussian distribution 4.1.2 [Lehmann and Casella 2006]
= Use prior N (X, Ag) learned on population

* Ny is a covariance on covariances
0

G Varoquaux [Rahlm 2017, 2018] 18



2 James-Stein shrinkage for population models

Shrinkage with order-2 moment

mShrinkage = MMSE = Bayesian posterior mean
for Gaussian distribution 4.1.2 [Lehmann and Casella 2006]
= Use prior N (X, Ag) learned on population

* Ny is a covariance on covariances
0

Information geometry / covariance manifold
Covariances are not a vector space
m Computations on the manifold

m Turns MLE into an MSE

PoSCE: Population shrinkage

of covariance
G Varoquaux [Rahim... 2017, 2018]




2 James-Stein shrinkage for population models

Inter-session reproducibility within subjects

Correlation matrix |

GraphLasso CV
Ledoit-Wolf |
Identity shrinkage CV

Prior shrinkage CV
PoSCE

60 -40 -20 0 +20 +40 +60

Relative log-likelihood w.r.t. the mean

Anlsotroplc shrmkage for the win

of covariance
G Varoquaux

[Rahim... 2017, 2018]



3 Merging data sources

More data trumps fancy regularizations

G Varoquaux

[Mensch... 2017]
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3 There is plenty of fMRI data

Dozens of thousands of fMRI sessions,
but terribly heterogeneous

Heterogeneity in the behavior
Formal modeling of behavior is a open
knowledge representation problem

G Varoquaux 20



3 There is plenty of fMRI data

Dozens of thousands of fMRI sessions,
but terribly heterogeneous

| Unsupervis‘veaA iearning on fMRI data ;

m Multi-task learning across studies ftbehav'or
e == <AItION
B t

Heterogeneity in the behavior
Formal modeling of behavior is a open
knowledge representation problem
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3 Mapping cognition across studies labels

Cognitive label across many studies?
Visual

Auditory
€ Foot
¥ Hand
Calculation
Reading
= = Checkboard
®Face
) Place
4 Object
Digit
Saccade

Very difficult to assign

G Varoquaux 21



3 Mapping cognition across studies labels

Cognitive label across many studies?
Visual

¢ Auditory
¥ Foot
W Hand

Calculation

"’Multi-task learning” ading
m Solve many related but different problems eckboard
m Learn commonalities

Very difficult to assign

/Object
Digit
Saccade

G Varoquaux 21



3 Sharing representations across tasks

m Great for multiple output (tasks)

G Varoquaux [Bengio 2009]
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3 Sharing representations across tasks

m Great for multiple output (tasks)

m Millions of parameters, thousands of data points

G Varoquaux [Bengio 2009] 22



3 Sharing representations across tasks

m Great for multiple output (tasks)

m Millions of parameters, thousands of data points

Simplify

G Varoquaux
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3 Sharing representations across tasks

&

s N
& X B
& :

linear model
m Great for multiple output (tasks)

m Millions of parameters, thousands of data points

Simplify simplify more

G Varoquaux

ABw
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3 Sharing representations across tasks

&

s

& X
’ factored linear model

m Great for multiple output (tasks)

m Millions of parameters, thousands of data points

Simplify simplify-mere

[Bzdok... 2015]
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3 Unsupervised learning for spatial atoms

voxels

voxels

voxels

time

- Decomposing time series into spatial maps
( W|th sparsity to Iocallze atoms

G Varoquates™ . 23



3 Unsupervised learning for spatial atoms

voxels voxels

Y

voxels

S +£ N

time

Il
time
rm
L
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3 Unsupervised learning for spatial atoms

voxels voxels

Y

voxels

S +£ N

time

Il
time
rm
L

50Gb data

#7

m Adapted representations that capture local correlations

m More data is always better
computational cost

G Varoquaus™ S } 23



3 Multi-task across studies

m Decode in each study
m But learn representations across
Loss-engineering & regularization

G Varoquaux

[Mensch

... 2017]
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3 Multi-task across studies

Linear model
+ spatial representation

+ factorized
m Decode in each study + across studies

H (] 80
m But learn representations across Accuracy
Loss-engineering & regularization

[Mensch... 2017]
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Learning with limited labeled data: fMRI lessons

m Sparse models are unstable and need ensembling
m Parameter selection is unstable and needs ensembling

m /5 shrinkage is powerful, in particular with good
mean & covariance

m Unsupervised learning of representations
m Multi-task to pool data

’@GaelVaroquaux



Learning with limited labeled data: fMRI lessons

m Sparse models are unstable and need ensembling
m Parameter selection is unstable and needs ensembling

m /5 shrinkage is powerful, in particular with good
mean & covariance

m Unsupervised learning of representations
m Multi-task to pool data

m Software for machine learning in neuroimaging:
http://nilearn.github.io
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machine learning in Python
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