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Cognitive neuroscience

How are cognitive activities affected or controlled
by neural circuits in the brain ?
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The brain, the mind and the
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Encoding: 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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* A causal framework for brain activity decoding
* Dimension reduction for images
* Fast regularized ensembles of models

« Statistical inference for high-dimensional models
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Causal reasoning on
encoding/decoding

Causal encoding models Causal decoding models
P(X|T) P(B|X)

N\ N\

Task Brain activity Behavior

A

Anti-causal decoding models Anti-causal encoding models
P(T[X) P(X|B)

[Weichwald et al Nimg 2015]
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Causal interpretation

Encoding: causal

xS
T < > Decoding: anti-causal

B Decoding: causal

< 2 k« Encoding: anti-causal
< /
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Simple causal models

The Chain
X1 — X2 — X3
X1 L X3
X1 AL X3| X5
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Simple causal models

The Chain The Fork
X1%X2%~X3 X1%X2%~X3
X1 L X3 X1 AL X3
X1 AL X3| X5 X1 L X3 X5
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Simple causal models

The Chain The Fork The Collider
X1—>X2—>X3 X1%X2—>X3 X1—>X2%X3
X1 L X3 X1 AL X3 X1 AL X3
X1 AL X3| X5 X1 L X3 X5 X1 AL X3 X5
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Causal reasoning on

encoding/decoding
Feature X; relevant?
Encoding ‘ Decoding | Causal interpretation
h:n X
VI
@
S — -
E 29|
g =
4 &

[Weichwald et al. NIMG 2015]
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Causal reasoning on
encoding/decoding

Feature X; relevant?
Encoding | Decoding

Causal interpretation

b::D X

I

e
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E 3| %
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2 5 R
[Weichwald et al. NIMG 2015] Xp
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Causal reasoning on
encoding/decoding

Feature X; relevant?
Encoding | Decoding

Causal interpretation

Task

Experimental setting

Behaviour
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Causal reasoning on
encoding/decoding

Feature X; relevant?
Decoding | Causal interpretation

Encoding

Task

Experimental paradigm|

Behaviour

< | xle] x|< ] x|<] x

<< x| x |< < x| %
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[Weichwald et al. NIMG 2015]
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Joint encoding and decoding

forswarg s——

Oy GOmMmas |

[Schwartz et al. NIPS 2013, Varoquaux et al. Submitted to PCB]
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Joint encoding and decoding

17/04/2018 Bertrand Thirion



Statistical associations and
causal reasoning

Definition: X; is a cause of X; (X; — Xj), iff there exist values of X; and
Xj such that p(xj|do{xi}) # p(X;).

e Problems:

- How do you establish  p(xj|do{x;}) # p(x;)
based on finite datasets ?

- Large number of conditioning variables
- Encoding models: Multiple comparison issues

- Decoding problem: statistical tests in multiple
regression
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Outline

» A causal framework for brain activity decoding
 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" )

:
143

Clusters

a Training

(

(o)) ( 3?
=

-_E Feature X' ¢ REXn

2 5

\

Grouping Analysis

(e.g. Classification)

Original Reduction Approximation
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Crafting good image compression

Key assumption: signal of interest L-Lipschitz
‘Xz’ — XJ‘ <_: LdiStg(’Uﬂ ’Uj), \U/(’L,Yj) - [p}z

Feature grouping matrix ®rg € R**?

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

Wor
orstcase | x||2 — kL m?;]:{\cq\?’} < ||®rc x||2 < [x]|3

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

2 (p— k) 2
MSEapprox < MSEorig L <

k . 2 g
Zq:l Cy| diamg (Cy)

* Equal-size clusters

I\? k k
MSEapprox < p (E) + 1_9 MSEorig =0 (Hl&){ { %, 2—)})
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Recursive neighbor Agglomeration

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
3'80% | > aro - - =
©'95% g
g 80.5% 7/ 97.0%
o Vem— S 90% /
8 75% | 9
c 80.0% © 859 : 96.5%
.9 |— S 'l
g 70% 5 80% r "= 196.0%
79.5% 5 ]
5 \]._- " 75% :
o | 95.5%
65% 00:01 00:10 01:40 709,75 o140 1640 6.0
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 in Press]
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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.%
9 Nystrom AL | L J— 112
c 3 random proj -0.04 } _i. - 402
S8  single-linkage! 'D—d - R & E —
S < average-linkage 004 | 2.6 - 6.3
g'% complete-linkage! 0.02 | I 5.2 |
= Ward —40.00 } 0.8 } { 0.7
< SLIC 0, - 06, | | 0.7,
ReNN h_rg.m} 08 | | 05
-0.20 -0.15 -0.10 -0.05 0.00 0.0515% -10% -5% 0%  5%-15% -10% -5% 0% -10% 5% 0%
prediction R? prediction accuracy prediction accuracy prediction accuracy
raw: non-reduced mEEEEE——C | I 0 — 34752
o Nystrom 0.267 sec Ik 0.267 sec . 0006 . {03:05
£ random proj 0¢:03 - —C  — 04:56
= single-linkage 010 | 0020 Q040 Bmss1
< average-linkage Q124 praz | | 01:02 _24:55
2 complete-linkage 0:44 } pos4 || 01:04 |y 07:53
£ Ward — ' —"° 07:40
8 SLIC —— m— 49 ED5-21
ReNN N e 45 05:34
- — | L —t S i -

CPU time (min:sec)

CPU time (min:sec)

CPU time (min:sec)

[Hoyos Idrobo IEEE PAMI in Press]
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Outline

» A causal framework for brain activity decoding
 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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Bagging of sparse clustered models

X y : ) ot :;
* * | average
Clustering Solve

(create . Lasso
contiguous

_ on cluster- 5
regions) based
representation
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Computationally efficient structure

“fast regularized ensembles of models”

FReM: SVM-£; + clustering

State of the art
solution: not o o | = ,
very stable, but NSRS 2744
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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Effect on prediction accuracy

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

[Hoyos Idrobo et al PRNI 2015,

Neuroimage 2017, PAMI 2018] Graph-net

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

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

SVM-¢,

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

FReM
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More results

Experimental Conditions

Relative prediction score Relative weight stability Relative computationtime = o v
-8% -bl -2 0% 2% b5l -0.4 0.2 0. 0.2 0.4 EX ax 1x 4% ® HCP: match / ral
- ) # HCP: punish [ reward
Graph-net }‘J‘l‘l @ HCP: story / math
- @ ds00%: successful / unsuccessful stop
W'El }l—'{ ® ds107: consonant f scramble
. = @ ds107: consonant / words
Lﬂg-enet I—‘-"l @ ds107: objects / consonant
. @ ds107: objects / words
SVM-i; I—:' * 3 '.—i @ ds107:words | scramble
@ ds108: negative cue / neutral cue
SVM-El I—"_.—‘ @ ds108: negative rating / neutral rating
= @ ds108: negative stim / neutral stim
. L B . ® ds109: false picture / false bilief
SVM-EQ [ '+ ge : # Henson: famous / scrambled
- Hensen: famous / unfamiliar
- Hensen: scrambled / unfamiliar
E SVM-4 ‘_." -}I Knops: right field / left field
E SVM'EE H OA 515 male § female
+ clustering
SVM'El G T INon-sparse models
+ clustering mmSparse models

[Hoyos Idrobo et al PRNI 2015, Neuroimage 2017, PAMI in Press]
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Learning curve

(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

Freeiimmn

30% 50% 90%
Percentage of training data

[Hoyos Idrobo et al PRNI 2015, Neuroimage 2017]
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Outline

» A causal framework for brain activity decoding
 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 [Biihimann 2013]
- Desparsified Lasso [zhang & zhang 2014, Montanari 2014]
— Multi-split [Meinshausen 2009], Knockoffs [Candés 2015+]

e Fail forp > n
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Desparsified Lasso

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

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

e construct an unbiased estimator of w* (generalization of w*“->)
e compute its covariance matrix

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

T

~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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Preliminary assessment

@ 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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Adaptation to brain imaging
- 0
Step 1: compression by clustering &

S . R R

(M E(]...00 NN DS E... 0NN ODfdS@..0000

Step 2: inference on compressed representations Clustered

7. (Q) () — wf) ~ N(0,1) Laabarsied

Step 3: ensembling iterate with different parcellations Ensemble of

- aggregate p-values (FReM-like approach) Clustered
Despatrsified

Lasso
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Large p — need dimension reduction

p=2000, =100

10.0 10.0
- Zero-level --=-= Zero-level

True weights | 7.5- True weights
{ — DL — CDL
=4 4

: IlA A 2“
B i \‘v'vn\w”\bv"ﬁv« T —

—5.0

0 20 40 60 80 100 0 20 40 60 30 100
Coefficient position Coefficient position
Large p kills statistical power CDL tames variance

[Chevalier et al. subm. To MICCAI]
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Preliminary assessment: CDL

Z-score Corrected Ridge

Z-score DE5pa rsified Lasso

\.z

i’f-

y=—4i ’
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From CDL to ECDL

Z-score Corrected Ridge

DL p-values
from different
clusterings

v

aggregation
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Simulations: ECDL > CDL

o Parameters: n =400, H =50, p = H> = 125000, ogmin = 2

e Noise: SNR, = 3 by taking 0. = 8

e Hyperparameters: C =500 and B =25

e Weights:

weights = 1.0
weights = -1.0 0
oo g 10
|
1—2{]
o® —30
"—-L[l

—5l)
& 50
0 1o = ®_ 0"
100 9 = 20
30 A0 _H 0 10
o]

(a) weight vector: w*

-

-

Z-score weight < 3

Z-score weight > —3 o
ir—lu
l—ﬁi]

‘ J—ﬂﬂ
—4()

-

Z-score weight < 3
Z-score weight > —3 l‘ ]‘ 0
f—10

90

a 30
» f'— 0

— 5l
)
— ~ A
0 10 Ehh"“‘“—hm ‘ ,)[}3{]
20) 10°

B
30

(c) ECDL

[Chevalier et al. subm. To MICCAI]
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Experiments: PR and FWER control

Number of true positive
Number of discoveries

Number of true positive

Size of the active set Precision =

Recall =

FWER = Prob(Number of false positive > 1)

1.0 —— DL 04d — CDL
"""""""" —— ECDL - | — ECDL
0.8 ---- Precision = 90% —— 5% level
0.3
506 o
% 0.4
0.1
0.2 -
0.0 1 —
0.0 0.2 0.4 0.6 0.8 1.0 101 10Y
Recall SNR
Better PR with ECDL + More accurate FWER control

[Chevalier et al. subm. To MICCAI]
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Stability gains on real data

Similarity across bootstrap replications of the inference

1.00 1

-

-.._J

[ |
+

(same result

Jaccard Index
—
it
=

with other *
metrics) 0.5 N
0.001 —— —
W NV N N
‘;:5) & O o
hY o )
\z\'b+ \z\éﬁ:‘l Oﬂb 0’3‘}

On two datasets, ECDL improves reproducibility

[Chevalier et al. subm. To MICCAI]
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Conclusion

» Large-p data bring
challenges:

- Computation cost
- Overfit
- Difficulty of statistical inference

- ... of causal reasoning

» Solutions: online learning, WIP
subsampling, compression

too conservative ?
Classification ?
Use of bootstrap
knockoffs

 Ensembling improves
estimators

 Go & get more data
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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

- Classification of (neuroimaging) data

- Network analysis
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http://nilearn.github.io/

Parietal
G. V. |
~ Cramgon” Acknowledgements
e L Other collaborators
D. Engemann, Ao (thanks for the data)
g- '\(/:'ﬁnoﬁl,k gS. Dehaene

. Chyzhy
A.L. Grilo Pinho, o ? :s)l(cgl;ack

v, MIC. F. Gorgolevski

E. Dohmatob,
A. Mensch,

N ﬂy J. Salmon

[ T4 ‘k

J.A. Chevalier,

A. Hoyos idrobo,
\D. Bzdok,

/J. Dockes,
' P. Cerda,

C. Lazarus

D. La Rocca

G. Lemaitre

L. El Gueddari
O. Grisel

M. Massias

P. Ablin

H. Janati A
J. Massich & §
K.Dadi £ \

C. Petitot ﬁ’ P& Human Brain Project universite R

PARIS-SACLAY

17/04/2018 Bertrand Thirion



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	Slide 48
	Slide 49
	Slide 50
	Slide 51

