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Cognitive neuroscience

How are cognitive activities affected or controlled
by neural circuits in the brain ?
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Mapping cognitive functions to
brain activity
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Resolution increases

>
2014: 2020:
1.5 mm 0.5mm?
p = 400,000 p = 107
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better estimators for large-scale
brain imaging

X MENU X%
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* Massive online dictionary learning

* Dimension reduction for images

» Fast regularized ensem
e Statistical inference for

nles of models

nigh-dimensional models
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fMRI datasets are feature-rich
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Discovering structure in fMRI

fmri scans time courses
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Can be captured by dictionary learning / sparse coding
[Olshausen Nature 1996]
— Use of sparse PCA
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High-dimensional fMRI

* n =number of samples, 102 to 106
e p = number of voxels, 105-10¢

v -2 bertrand.th...n@inria.fr - 4
* 5 Inbox (*1) ‘ ‘
| prafts“Has anyone on the ML run group-wise analysis on the
HCP resting state data, and if so what tools did you use?

| am having memory issues when running more than
10 subjects and | was wondering if anyone has a way of
getting around the large memory requirements when
concatenating in time.”
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Huge ?

 Human Connectome project n=2.10¢, p=2.105,
2TB of data

* Online dictionary learning [Mairal et al. ICML
2009]

» Constrained rather than penalized formulation

 How to go faster ?

- Work on batches of images and voxels
* Online method in both samples and feature dimensions

[Mensch et al. ICML 2016, IEEE TSP 2018]
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Stochastic gradient approaches

http://amensch.fr/research/2016/06/10/modl.html

Handle large n Handle large p
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Stochastic gradient approaches

http://amensch.fr/research/2016/06/10/modl.html

"q:,; %108
£ 2.40
2 . :
= 235 10-fold gain in CPU time
g 230 without loss In accuracy
q>) 2.25
45 2.20 [Mensch et al. ICML 20186,
S5 1ih 1 h 10 h 100 h (t:if;lé IEEE TSP 2018]
Original online algorithm No reduction
Reduction factor r === 4 — 3 — ]2
Can be used for recommender systems
MovieLens 1M MovielLens 10M 0.99 Netflix (140M) o y
. ’ oordinate descent
) 8:2 0.98 Proposed
g 0.84 0.97 “ (full projection)
5 0.83 0.96 Proposed
Kl 0.82 0.95 = (partial projection)
S 0.81 0.94
= 0.80 e s
0.1s ls 10 s ls 10 s 100 s 100 s 1000 s CPU time
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[Mensch et al. ICML 2016 IEEE TSP 2018]
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Leveraging rest data for brain
decoding

Different datasets share some common patterns

Sparse
decompositiongyg RFd

Joint training :;@
\_—/
FACES

e iz
rehl L oS RIZONTAL

W amoan CHECKERBO

CamcCan Cognitive ;>®
S~ representation IDEOC ONLY
Task fMRI Z-score Wy Spatial Per-dataset
study images representation classification

Different datasets share some common representations
[Bzdok et al. Plos Comp Biol 2016, Mensch et al NIPS 2017]
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Advantage of large-scale analysis

Full multinomial Spatial projection

3;{_7 8.‘.';.9 . 85.386.9 88.6 S Multi-scale spatial projection
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Latent cognitive space (multi-study)
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00-659.0 . 57.557.857.6
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Test accuracy

I
Archi Brainomics CamCan LA5c

Information transferred from large datasets (HCP) to smaller ones
Increases classification accuracy
[IMensch et al NIPS 2017]
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Outline

* Massive online dictionary learning
 Dimension reduction for images

* Fast regularized ensembles of Models

» Statistical inference for high-dimensional
models
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Compression in the image
domain

* Reduce the complexity of learning algorithms:
p-k<Kp

 Random projections = fast generic solution, but
- Sub-optimal for structured signals

- Not invertible when p and k are large

* Local redundancy — feature grouping
strategies / clustering: “super-pixels”

- Fast clustering procedures needed (large k regime)
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Compression by feature grouping
(X e RPX" )
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Crafting good image compression

Key assumption: signal of interest L-Lipschitz
‘Xz’ _ Xj‘ <_: LdiStQ(Uiu Uj)a V(’L,j) S [p]2

Feature grouping matrix ®rg € R**?

k
almost trivially: ||x[|> — L* ) " [C,|° < ||®rc x| < [Ix]]?
a=1

. D 2
And HXHQ p (Lk‘) < I['E“’I’ar1:’|H{I’FG KHQ < HKH2
« Worstcase ||x||5 — kL® max{|C,|°} < ||®rc x5 < ||x]|5
| |2 q [k] q — | F |2 — | |2

Need a fast method to learn balanced clusters
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Denoising properties

* Noisy signal model X =84+n
k
k
MSEqpprox < L? )~ |Cy| diamg (Cq)* + = MSEqyg
— p
qg=1

* Denoising o— k)
P — 2

2
MSE. ooy < MSE, L* < . o
PPIo one Zf;f:l Cy| diamg (Cy)?

* Equal-size clusters

L\* &k k
MSE,pprox < P (ﬁ + - MSEqig = O (max { 52, ; })
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Recursive nearest neighbor

Thirion et al. Stamlins 2015]

Based on local decisions = fast (linear time) — avoid percolation
[y =
E '

(a) single-linkage (b) average-linkage (c) complete-linkage (d) Ward (e) SLIC
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Effect on data analysis tasks

OASIS: gender prediction HCP: cognitive task prediction
L>J‘80% 5‘95% 5 i - —
g 80.5% 7 97.0%
3 Iom— 3 90%
& 75% i 3} .
c 80.0% © 859 ; 96.5%
o c |
= S 0 |
S 70% 5 80% r m =" 196.0%
0, = |
g \ | 79.5% 8 . [
‘ 95.5%
65% . : : < i
00:01 0010 01:40 7088.10 01:40 16:40 46:40
computation time (min:sec) computation time (min:sec)
= raw: non-reduced = single-linkage @ sreem Ward
Nystrom average-linkage SLIC
e random proj complete-linkage = e ReNN

Impressive speed-up and increased accuracy with
respect to non-compressed representation

- Clustering has a denoising effect

[Hoyos Idrobo IEEE PAMI under revision]
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More results

OASIS: age prediction

size: n=403, p=140 000

estlmatcnr Rldge

OASIS: gender prediction
size: n=403, p=140 000

estimator: Logistic &

Faces: subject recognition
size:n=2 414, p=32 256
estimator: Logistic &

HCP: cognitive task

n=8 294, p=254 000

estimator: Logistic £

5%

- raw 077 | raw = 80.% Fo raw = 95.%
> Nvstrd 0.09 iy 11.2
9 ystrom | L
c o random proj =0.04 } _i_ - 402
2§ singledinkage 'D—d - B
3 c average- linkage 004 | 2.6 - -6.3
2= complete-linkage! 002 | a4t 52, _
EDT 0,00 0.8 0.7
S Ward L } 8 | { 71
= SLIC 4, L 06, | | 0.7
ReNN ﬁ~ﬂ1} 08 | 05 |
-0.20 -0.15 -0.10 -0.05 0.00 0.05-15% -10% -5% 0%  5%-15% -10% -5% 0% -10% 5% 0%
prediction R? prediction accuracy prediction accuracy prediction accuracy
raw: non-reduced IE————— 0 | R —ﬁ‘:‘*‘ 52
E Nystrom 0.267 sec Lk 0.267 sec | 00:06 . {03:05
= random proj ““‘gs_ i } _9‘;;; } H’ = :‘i‘;:
§  single-linkage + L —" - 51
& average-linkage Q124 | praz | | ﬂlﬂz 2455
2 complete-linkage 0:44 { po:sa 01:04 | 0753
£ Ward — ' —"° 07:40
ReNN — - —° g5:34
00:10 00:10 16:40 16:40 46:40

CPU time (min:sec)

CPU time (min:sec)

CPU time (min:sec)

[Hoyos Idrobo IEEE PAMI under revision]
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Outline

* Massive online dictionary learning
 Dimension reduction for images

* Fast regularized ensembles of Models

» Statistical inference for high-dimensional
models
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Brain activity decoding

Xl
I
y

x

P

* behavior = f (brain activity)
y = Xw* O E e error vector: € ~ N(0,1,)

e noise magnitude: o, >0

o prediction: find w that minimizes | Xw — Xw*||,

o estimation: find w with control on |W; — w;'| for all j € [p]
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Penalized linear regression

Minimize the empirical regularized risk

w = argmin{L(X,y;w) + AQ(w) }
W e — N —’
Data fidelity Regularizer

> convex optimization
> set hyperparameters by cross-validation

AQw) = Awl]; Ridge (shrinkage)

AAw) = Allwl Lasso (very sparse)

AQw) = Aallwli+ (1 —a)[wl3)  Elastic net (sparsity + grouping)
AUAw) = A(allwlli + (1 —a)|VW[3) Smooth lasso (sparsity + smoothness)
AYUw) = Alalwlli + (1 = a)|[VWwl21) Total variation (piecewise sparsity)
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Structure-inducing priors

* Large p — redundancy, latent structure

* Brain imaging: spatial regularity — small total
variation

HCP dataset:

Log-enet “shape” versus
Y U “f ace” contrast

across subject

[Michel et al TMI 2011, Gramfort et al. 2013 Eickenberg et al. MICCAI 2015, Dohmatob et al.
PRNI 2014, 2015]
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Optimizing TV takes time

Data: wy
ISTA < False, vq + wo, k < 0, t; < 1, dgtol <+ 0.1,

QU
Whi]E Hﬂt EﬂnvErgEd d-ﬂ T‘u ] LI III ] LI LI IIII I I rrrri
k+ k+1; b
Wy < proxg ,p (vx — (1/L)VF(vy),dgtol); ga
if ﬁ(wk) = J‘.(:[:H?k_]:l then = =
Wy — Wy_1; . — FAASTA =
U < Wi_1: E — mFISTA, Schmidt et al. i
if ISTA then 1 === MFISTA dgtol 1e-10 |
dgtol < dgtol /2; ; - |ISTA, adaptive accuracy 3
. bl = |STA, dgtol 0.1 -
while T
c mFISTA dgtol 0.1 N
L(proxg s (vx — (1/L)VF(vg),dgtol)) > L(z 5

| dgtol < dgtol /2
ISTA « True;

else

if ISTA then
| Vg < Wy

1 10 100 1000

Convergence time in seconds

else

U ¢ Wy + -5 (W, — Wwi_1);

ISTA <« False [Varoquaux et al. GRETSI 2015]
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Bagging of sparse clustered models

X y

* * | average

Clustering Solve

(create . Lasso \ N
con_tiguous on cluster- :
regions) based

representation
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Computationally efficient structure

“fast regularized
ensembles of models”

FReM: SVM-£,

State of the art
solution: not
very stable, but |\&
cheap
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Computationally efficient structure

Full training set

Subsampling

Fitting with each
hyperparameter

Select the
best model
per CV fold

Averaging
(final model)
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Computationally efficient structure

Relative prediction score
-8% -5% -2% 0% 2% 5%

[Hoyos Idrobo et al PRNI 2015,

Neuroimage 2017, PAMI under review] Graph-net

TV-,
Log-enet
SVM-{,
SVM-{,

| SVM-{;
“fast regularized
ensembles of models”

SVM-¢,

SVM-{,
+ clustering
SVM-{,
+ clustering

FReM
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Computationally efficient structure

Relative prediction score
-8% -5% -2

Relative weight stability

0. 0.2

0.4

1 1
wX X

Relative computation time

1x 4%

Graph-net
TV-8
Log-enet
SVM-{;
SVM-{;

SVM-£;

SVM-§;

SVM-£;
+ clustering
SVM-§,
+ clustering

FReM

[Hoyos Idrobo et al PRNI 2015, Neuroimage 2017, PAMI under review]

L

L s

Experimental Conditions
HCFP: face / shape

©® HCP: match / rel

# HCP: punish [ reward

@& HCP: story / math

@ ds00%: successful / unsuccessful stop

® ds107: consonant / scramble

@ ds107: consonant / words

# dsl107: objects / consonant

@ ds107: objects / words

@ ds107:words / scramble

@ ds108: negative cue / neutral cue

@ dsl08: negative rating / neutral rating

@ ds108: negative stim / neutral stim

® ds109: false picture / false bilief
Henson: famous / scrambled
Henson: famous / unfamiliar
Henson: scrambled / unfamiliar
Knops: right field / left field
OASIS: male / female

Mon-sparse models
e Sparse models

19/01/2018
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Computationally efficient structure

(Haxby: objects / scrambleg Classifiers

Graph-net

TV-{;

Log-enet

SVM-{5

SVM-{,

FReM: SVM-{,

FReM: SVM-{;

FReM: SVM-{, + clustering
FReM: SVM-{, + clustering

O
o0

O

Weight similarity
to weights on full data

-
N
L
\
\
A
»
A

Freeiimmn

30% 50% 90%
Percentage of training data

[Hoyos Idrobo et al PRNI 2015, Neuroimage 2017, PAMI under review]
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Benchmark

Graph-net Log-enet

SVM-¢, FReM: SVM-£; + clustering
,f’-i.fl “\_:'E

_l_.-"'.- | |
] :.:".“-. Fa :_
I I 1-—-“& !

HCP dataset: “shape” versus “face” contrast across subjects
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Outline

* Massive online dictionary learning
 Dimension reduction for images

* Fast regularized ensembles of Models

» Statistical inference for high-dimensional
models
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Statistical inference on w

« Inference: find {j: w; > 0} with some statistical
guarantees

« Standard solutions for high-dimensional linear
models (p > n)

- Corrected ridge
- Desparsified Lasso

« Adaptation to brain imaging (p>n)
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Desparsified Lasso

@ Objective: construct confidence bounds on the coefficients of w*

® Principle' [Zhang & Zhang 2014 Series B Stat Meth]

e construct an unbiased estimator of w* (generalization of w
e compute its covariance matrix

OLS)

@ Heuristic argument: in low dimension we can prove that:

N

~oLs %Y

Wi = T
ZJ- Xj

where z; is the residual of the OLS regression of x; versus X (=)
zj = Xj — Px(-pX;j

where Py(_) is the projection onto Span(X(=)) c RP~1
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Desparsified Lasso

e Desparsified Lasso estimator: when n < p, z; is the residual of a
Lasso-CV regression of x; vs X (=) and the debiased estimator is:

A (init)
% 3
b
Zj )(j k-] ZJr XJ

where w{™) is an initial non linear estimator of w* (e.g., Lasso)

@ Covariance: the covariance matrix of this estimator is:

e Confidence bounds: under few assumptions (Dezeure et al. [2015]):

o () P (Wy — w;") ~ N(0,1)
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Desparsified Lasso: which A

[zhang & zhang 2014 Series B Stat Meth] ni(A) = %12.3 |:Bgzj()\)|/\|zj(h) |2,
i

 For each |,
7i(A) = [l2i(Ml2/ |25 2 (N,

- n;should be as small as possible

e keep A small
- T;should be as high as possible

A Nnottoo small

Evaluating n and 1 for many A’s is expensive

X

-~ We choose A = .03 A__
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Preliminary assessment

e Low dimension: n =100 and p = 95

e OLS versus corrected Ridge and desparsified Lasso:

SNR=2.2,n=100,p=95,5=8 15SNR=2.2, n=100,p=95,5s=28
4 — true beta | — true beta
—— ols beta 1.0 - —— Desparsified Lasso
2 - —— Corrected Ridge
0 | AWAVC\ 0.5 -
—2 4 0.0 -
—4 -
—0.5 A
0 10 20 30 40 50 0 10 20 30 40 50
OLS regression when p = n Corrected Ridge and

Desparsified Lasso when p =~ n
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Preliminary assessment

SNR = 2.2, n=100,p=95,5s=8

30
1.0 -
—— p-values = 0.05
25
0.8 -
L
. 20 §
=
0.6 - S
. 15 ‘.‘.?-
¢ Q
0.4 - LR o
10 O
® I
0.2 - : e L 5
QDJ L] L A_a o 8 & & o o & & o o o 8 @ TU
0 5 10 15 20
Multi sample-splitting ® Corrected Ridge ® Desparsified Lasso
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Preliminary assessment

Z-score Corrected Ridge

*e

"ﬂ% *f/ Y
y=-41 x=-32 'I
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Adaptation to brain imaging

Step 1: clustering m -

E O
ONE-.- 00 B B OB E .. ENENE EEEN... B EENE

Step 2: inference on compressed representations
o, Q)P (W - w;) ~ N(0,1)

Step 3: repeat on different parcellations and aggregate the p-values
(FReM-like approach)
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Some Initial results

Z-score Corrected Ridge

DL p-values
from different
clusterings

aggregation
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Some Initial results

DL p-values from
diﬁerent Z-score Corrected Ridge
clusterings 7 TR

aggregation

19/01/2018 Bertrand Thirion - Statistics/Learning at Paris-Saclay



Conclusion

» Large-p data bring challenges:

- Computation cost
- Overfit
- Difficulty of statistical inference

» Solutions: online learning,
subsampling, compression

* Ensembling improves
estimators

* Open frontiers: statistical
Inference
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From good ideas to good practices:
software

e Machine learning in Python

learn

machine learning in Python

Machine learning for neuroimaging
http://nilearn.github.io

| : « BSD, Python, OSS
i - Classification of (neuroimaging) data
e N ‘l = - Network analysis
VRN

MEG + EEG ANALYSIS & VISUALIZATION
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http://nilearn.github.io/
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