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Cognitive neuroscience 

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

2007: 
3 mm

2014: 
1.5 mm

2021: 
0.5 mm ?

p = 50,000 p = 400,000 p = 107
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Joint encoding and decoding

[Schwartz et al. NIPS 2013, Varoquaux et al. PCB 2018] 
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Use of linear models

● Brain activity decoding = small n, large p
● Low SNR
● No translation equivariance
● Linear (possibly multi-layer) models still 

outperform neural nets [He et al. Nimg 2019, 
Mensch et al. Subm.]
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Inference in linear models

● n > p → OLS

● As long as X is well-conditioned
● Multiple testing problem: non-independent stats 
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Classical inference breaks for p≅n

● Variance explosion,

p>n non-defined 
solution

● Estimator classically 
needs regularization 
(Ridge, Lasso)

● But what about 
statistical 
inference ?
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Statistical inference on w

● Standard solutions for high-dimensional linear 
models (p ≅ n)
– knockoffs [Candès 2015+]

– Desparsified Lasso [Zhang & Zhang 2014, Montanari 2014]

– Multi-split [Meinshausen 2009], Corrected ridge [Bühlmann 

2013] 

● Inference: find {j: wj > 0} with some statistical 
guarantees
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Outline

● p~n 

– knockoff filters (KO)
● Improvement by aggregation

– Desparsified lasso (DL)
● p ≫ n 

– Clustered version: CKO, CDL
– With aggregation (ensembles)
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Definition of Knockoff

[Barber & Candès 2015]
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Sampling Knockoffs
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Knockoff statistic
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≫

FDP estimation with Knockoff 
Statistic
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Problem:
Instability of knockoff estimates
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Intermediate p-values
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Knockoff aggregation
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Knockoff aggregation
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Knockoff aggregation
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Empirical results: more stability

Aggregated Knockoffs

Plain Knockoffs
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Brain activity decoding example
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Brain activity decoding example
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Desparsified Lasso
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Interim conclusion

● Aggregated knockoff and DL make inference 
possible with p > n

● Are we done ?
● Not exactly: clustering was essential in making 

this work ...

Desparsified lasso
+ powerful
+ deterministic
- only linear regression

Knockoff
+ versatile
+ aggregation
- power (FWER control)
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Large p → need dimension reduction

Large p kills statistical power CDL tames variance

p=2000, n=100

[Chevalier et al. MICCAI 2018]
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Adaptation to brain imaging

Step 1: compression by clustering

Step 2: inference on compressed representations

Step 3: ensembling across different clusterings 
→ aggregate p-values

Clustered 
Desparsified 
Lasso

Ensemble of
Clustered 
Desparsified 
Lasso
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Why we need ensembling

DL p-values 
from different 
clusterings

aggregation
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ECDL for brain imaging
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δ-FWER-control

Spatial relaxation on FWER control
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δ-FWER is controlled

 δ-FWER control 
on semi-
simulated data, 
obtained with 
100 repetitions 
for every sample 
size.

[Chevalier et al. Nimg 2020]
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Effects on real data

[Nguyen et al. IPMI 2019, Chevalier et al. MICCAI 2018]

Social cognition

Visual feature discrimination

Language vs maths

HCP dataset, n=900
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Results: higher PR curve

● On semi-
simulated data, 
EDCL achieves 
better PR 
compromise

[Chevalier et al. Nimg 2020]
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Conclusion
● Large-p data bring challenges:

– Computation cost
– Difficulty of statistical inference

● Solutions: compression, 
subsampling, ensembling

● Efficient stochastic regularizers
● Extension toward causal 

reasoning: R-learner

[Aydore et al. ICML 2019]
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From good ideas to good practices: 
software

● Machine learning in Python
● Machine learning for 

neuroimaging
● BSD licence, Python, OSS
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