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OUTLINE

• Visualization is an important aspect of
”scientific” applications of ML 

– To abstract generalizable relations from data
– Robust visualization

• Unsupervised (explorative)
– Factor models - Linear hidden variable representations
– Independent component analysis (ICA)
– Kernel representations: kPCA

• Supervised models (detection)
– Visualization of non-linear kernel machines

Do not multiply causes!
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Brain imaging with fMRI (functional magnetic resonance imaging)

• Indirect measure of neural 
activity - hemodynamics

• A cloudy window to the 
human brain

• Challenges:
– Signals are multi-

dimensional mixtures
– No simple relation between 

measures and brain state -
”what is signal and what is 
noise”?

TR = 333 ms
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Mind reading software could record your dreams…

Yukiyasu Kamitani:  Y. Miyawaki et al. Neuron 60(5):915 - 929 (2008)
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BOLD fMRI: Is hemodynamic de-convolution feasible?

Balloon model: Non-linear relations between stimulus and
physiology – described by four non-linear differential eqs.

Bayesian averaging with resampling loop 
to establish generalizability (predictive distribution)

and reproducibility of the posterior distribution
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BOLD hemodynamics R-Bayes model selection

Model A: constant input vs Model B: Fading input
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Multivariate neuroimaging models

Neuroimaging aims at extracting the mutual
information between stimulus and response.

• Stimulus: Macroscopic variables, ”design 
matrix” ... s(t)

• Response: Micro/meso-scopic variables, the
neuroimage ... x(t)

• Mutual information is stored in the
joint distribution … p(x,s).

Often s(t) is assumed known….unsupervised
methods consider s(t) or parts of s(t) 
”hidden”…..
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Multivariate neuroimaging models

• Univariate models  -SPM, fMRI time series models etc.              

• Multivariate models -PCA, ICA, SVM, ANN (Lautrup et al., 1994, Mørch et al. 1997)

• Modeling from data (D) w. parameterized function families
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Generalizability

• Generalizability is defined as the expected performance on a 
random new sample 

– A models mean performance on a ”fresh” data set is an unbiased
estimate of generalization

• Typical loss functions: 

• Note:  No problem to estimate generalization in hidden variable 
models!

• Results can be presented as ”bias-variance trade-off curves” or
”learning curves”
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Bias-variance trade-off as function of PCA dimension

Hansen et al. NeuroImage (1999)
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Learning curves for multivariate brain state decoding

PET fMRI

Finger tapping, analysed by PCA dimensional reduction and Fisher LD / ML 
Perceptron.  Mørch et al. IPMI (1997)…”first brain state decoding in fMRI”
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Visualization of brain state decoder representations

• A brain map is a visualization of the 
information captured by the model: 
– The map should take on a high value in 

voxels/regions involved in the response and a low 
value in other regions…

• Statistical Parametric Maps 
– voxel based hypothesis test
– Parameter maps for linear models (e.g. linear SVM’s)

• The saliency map
• The sentivity map
• Consensus maps
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…hints from asymptotic theory

• Asymptotic theory investigates the sampling 
fluctuations in the limit N -> ∞

• Cross-validation good news: The ensemble 
average predictor is equivalent to training on all 
data (Hansen & Larsen, 1996)

• Simple asymptotics for parametric and semi-
parametric models

• Some results for non-parametric e.g. kernel 
machines

• In general: Asymptotic predictive performance 
has bias and variance components, there is 
proportionality between parameter fluctuation 
and the variance component...
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The sensitivity map

• The sensitivity map measures the impact of a specific 
feature/location on the predictive distribution
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NPAIRS: Reproducibility of parameters

NeuroImage: Hansen et al (1999), Hansen et al (2000), Strother et al (2002), 
Kjems et al. (2002), LaConte et al (2003), Strother et al (2004)

Joint work with Stephen Strother
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Reproducibility of internal representations

S. Sigurdsson et al. (2006):  Sensitivity map of ANN discriminant

Split-half resampling provides unbiased 
estimate of reproducibility of SPMs
(Strother et al. 2002, Kjems et al. 2002)
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The sensitivity map

• The sensitivity map measures the impact of a specific 
feature/location on the predictive distribution
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Unsupervised learning: 
Factor analysis generative model

11 ( ) ( )1/ 2 22

, ( )

( | ) ( | , ) ( | )

( | , , ) | |
T

N

p p p d

p eπ
−− − −−

= +

=

=

∫

x As Σ x As

Σ

Σ

Σ Σ

x As ε ε 0,

x A,θ x A,s s θ s

x A s

∼

2 ,σ= ⋅

=

Σ 1

Σ D

PCA:
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Source distribution:
PCA: … normal
ICA: … other
IFA: … Gauss. Mixt.
k-Means: .. binary

S known:               GLM
(1-A)-1 sparse:        SEM
S,A positive:           NMF
S binary, simplex k-Means

Højen-Sørensen, Winther, Hansen, 
Neural Compution (2002), Neurocomputing (2002)
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Factor models

• Represent a datamatrix by a low-dimensional approximation
• fMRI: Identify spatio-temporal networks of activation
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Matrix factorization:  SVD/PCA, NMF, Clustering
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ICA: Assume S(k,t), S(k’,t) statistically independent

(McKeown, Hansen, Sejnowski, Curr. Op. in Neurobiology (2003)
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Modeling the generalizability of SVD manifold learning

• Rich physics literature on ”retarded” learning

• Universality
– Generalization for a ”single symmetry

breaking direction” is a function of ratio 
of N/D and signal to noise S

– For subspace models-- a bit more 
complicated -- depends on the
component SNR’s and eigenvalue
separation

– For a single direction, the mean squared
overlap R2  =<(uT

1*u0)2> is computed
for N,D -> ∞

Hoyle, Rattray: Phys Rev E 75 016101 (2007)
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Universality in PCA, NMF, Kmeans

• Looking for universality by 
simulation
– learning two clusters in 

white noise. 

• Train K=2 component factor 
models. 

• Measure overlap between line 
of sigth and plane spanned by 
the two factors.

Experiment
Variable: N, D
Fixed: SNR
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Restoring the generalizability of SVD

• Now what happens if you are on the slope
of generalization, i.e., N/D is just beyond
the transition to retarded learning ?

• The estimated projection is offset, hence, 
future projections will be too small!

• …problem if discriminant is optimized for 
unbalanced classes in the training data!
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Heuristic: Leave-one-out re-scaling of SVD test projections

Kjems, Hansen, Strother: ”Generalizable SVD for 
Ill-posed data sets” NIPS (2001)

N=72, D=2.5 104
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Re-scaling the component variances

• Possible to compute the
new scales by leave-one-
out doing N SVD’s of size
N << D

Kjems, Hansen, Strother: NIPS (2001)
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Non-linear manifolds: kPCA

• Kernel PCA is based on non-linear mapping of data to 

( ) , 1,...,n n n n Nϕ ϕ→ ≡ =x x

• Aim is to locate maximum variance directions in the feature 
space, i.e. 

( )2

1 ,
1

arg max , ( )T
n k k n

k

sϕ ϕ
=

≡ ⋅ = ∑
l

l l x l

• The principal direction is in the span of data: 1 1,
1

N

n n
n

a ϕ
=

= ∑l

2

'
1 , ' '

21
arg max , exp x xT T n n

n n n n
c

ϕ ϕ −
−

=

⎛ ⎞
= ⋅ ⋅ = ⋅ = ⎜ ⎟

⎝ ⎠a
a a K a K

Joint work with Trine Abrahamsen (2009)

TJ Abrahamsen and LK Hansen. “Input Space Regularization Stabilizes Pre-image for Kernel 
PCA De-noising”. To appear in Proc. of Int. Workshop on Machine Learning for Signal Processing, Grenoble, France 
(2009). 
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Manifold de-noising    The pre-image problem

• Now, assume that we have a point of interest in feature 
space, e.g. a certain projection on to a principal direction “Φ”, 
can we find its position “z” in measurement space?

1( )ϕ φ−=z
• Problems:  (1) Such a point need not exist, and (2) if it does 

there is no reason that it should be unique!  

• Mika et al. (1999): Find the closest match.
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De-noising based on manifold learning

Manifold denosing cartoon
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De-noising hand written digits

Comparing MSE confidence 
intervals for 

(a) Mika et al. (1999)
(b) Kwok et al.(2004) 
(c) Dambreville et al. (2006)
(d) distance regularized pre-

image estimation
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Generalizable supervised models

• Non-linear sparse kernel machines SVM, 
kernel regression, Gaussian processes

• Parameters to be optimized wrt
generalizability and reproducibility 
– Non-linearity, sparsity
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Dimensional reduction using Laplacian eigenmaps

Belkin, Niyogi (2002)
Thirion, Faugeras (2004)
Hansen (2007)
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Generalizable supervised models

• Non-linear kernel machines, SVM
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Visualization of SVM learning from fMRI

• Visualization of kernel machines
– How to create an SPM for a kernel machine?
– The sensitivity map for kernels
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Visualization of kernel machine internal 
representations

• Existing visualization methods
– Pre-image (Mika et al., NIPS 1998, Schölkopf et al., 1999)

Basically an ill-defined objective, useful for denoising

– Multi-dimensional scaling (Kwok & Tsang, ICML 2003)
Interpolates nearest neighbors, suffers in high dimensions, 
has a non-intuitive weighting of neighbors

Problem: Existing methods provide local visualization, which 
point should be visualized? –non linearity makes this issue 
non-trivial. 
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The sensitivity map

• The sensitivity map measures the impact of a specific feature/location 
on the predictive distribution

• Kernel machine is manipulated to produce posterior probabilities.
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Sensitivity maps for non-linear kernel regression
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Initial dip data: Visual stimulus (TR 0.33s)

• Gaussian kernel, sparse 
kernel regression

• Sensitivity map 
computed for whole slice

• Error rates about 0.03

• How to set 
– Kernel width?
– Sparsity?
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Initial dip data: Visual stimulus (TR 0.33s)

• Select hyperparameters
of kernel machine using 
NPAIRS resampling

– Degree of sparsity
– Kernel width, 

localization of map
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Conclusion

• Machine learning in statistical modeling has two
equally important objectives
– Generalizability
– SPM reproducibility

• Can visualize general brain state decoders maps with
perturbation based methods (saliency maps, 
sensitivity maps etc)

• NPAIRS split-half based framework for optimization of
generalizability and robust visualizations
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