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A Brain Computer Interface

Computer is controlled directly by cortical activity.
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Classification of BCI’s

(mostly motor tasks)
involuntary events (P300)voluntary control

Scalp EEG intracranial EEG

Neural activity

Cognitive events
• intracranial EEG − > high

spatial and temporal res-

olution; high interference

with patient; allows 2-d

control of artificial limb.

• surface EEG − > low spa-

tial and temporal resolu-

tion; no permanent inter-

ference with patient; slow!

at most 20 bit per minute

and task.

− > focus on BCI’s based on scalp recordings.
− > low bit rates; last resort if no other communication possible
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BCI with almost no adaptation

• P300 based: L. A. Farwell and E. Donchin, − > User inten-

tion is embedded within a sequence of symbols. The correct

symbol leads to “surprise” and triggers a P300.

• filter & threshold: N. Birbaumer etal. , − > threshold slow

cortical potentials; J.R. Wolpaw etal., − > threshold moving

average in an appropriate pass band e.g. µ-rhythm.

These principles rely mostly on user training.
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BCI with “static” pattern recognition

• Extract representation of EEG “waveforms” (e.g. low pass

filtered time series; spectral representation)

• Parameterize supervised classification implicitly assuming sta-

tionarity.

What if

Technical setup changes during operation?

(e.g. electrolyte changes impedance)

User learns from feedback?

User shows fatigue?

Assuming stationarity must be wrong !

− > Propose “adaptive” BCI.
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The architecture

• Adaptive BCI refers to a brain computer interface (BCI)

which is built around adaptively inferred classification.

• The proposed method is a two stage approach: We first

extract features from consecutive segments of EEG and build

a classifier that translates these features into probabilities of

cognitive states.

• Feature extraction by suitably transformed AR-coefficients.

• Adaptive classification by variational Kalman filter.

For practicality we need to keep computational cost down.
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Feature extraction by autoregressive (AR) processes
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... represented by reflection coefficients.
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... and corresponding equations

y[t] = −
p∑

m=1

amy[t−m] + ε[t], with

am: m-th order AR coefficient, y[t]: a sample of EEG time series,

ε[t]: sample of white noise.

We extract reflection coefficients ρm from an EEG segment Yn:

p(ρm|Yn) =
1√
2πs

exp
(
− 1

2s2
(ρm − ρ̂m)2

)
, with (1)

m.p. value ρ̂m = −rT
mεm

rT
mrm

and variance s2 =
1− (ρ̂m)2

(N − 1)

and use xn = [arctanh(ρ̂1,n), ...,arctanh(ρ̂p,n)]T to represent Yn.

8



A generalized nonlinear classifier (or RBF network)

φn =




1
xn

ϕ(xn;wϕ)


 (2)

ηn = φT
nw (3)

P (yn|w, wϕ, xn) =
1

1 + exp((2yn − 1)ηn)
, with (4)

φn: projection into nonlinear feature space, yn: response variable
(cognitive state), w and wϕ: model coefficients.

conditioning on wϕ we have likelihood (data of size N):

p(DN |w) =
N∏

n=1

P (yn|w, xn), (5)
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Variational Kalman filtering

Probabilistic view of adaptive inference − > state space formu-

lation of a first order Markov process.

p(wn−1) (6)

p(wn|wn−1, λI) for times n ≥ 1

p(yn|xn, wn) for times n ≥ 1, where

wn−1, wn: Gaussian distributed parameters of classifier at con-

secutive time instances n (EEG segments!), λ: precision of Gaus-

sian process noise most important parameter!!.

linear Gaussian case − > Kalman filter. Here nonlinear due to

logistic sigmoid − > propose to use variational Kalman filter.
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Adaptive learning as probabilistic model
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n-1
Λ

n-1w nw

λI

n-1

β α

w

observation n

yn

Directed acyclic graph describ-

ing a hierarchical model for

adaptive inference. Posterior

p(wn−1|ŵn−1,Λn−1) and λI

define prior for wn. Use non

informative proper Gamma

prior for hyper parameter λ.

For inference assume constant

adaption rate within a window.
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Log marginal likelihood for one observation

log(p(Dn)) = log
(∫

λ

∫

wn−1

∫

wn

p(wn−1|Dn−1)p(wn|wn−1, λI)

P (yn|wn, φn)p(λ|α, β)dwndwn−1dλ

)

Model for a single observation yn.
Inference: integrate w.r.t. wn−1 and approximate p(wn, λ) by a
product Q(λ)Q(wn). NOT simple mean field since we approxi-
mate a partially marginalized distribution.

Problem: inference of λ based on a single observation.
− > Follow the previously proposed “windowed” Kalman filter
(Jazwinsky 69).
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Windowed Kalman filter

Independence of successive pairs of state vectors (wn−1, wn)

and ignore anti-causal informnation flow.

The logarithmic model evidence for a window of size N is then

log(p(DN)) = log
(∫

λ

N∏

n=1

[∫

wn−1

∫

wn

p(wn−1|Dn−1) (7)

p(wn|wn−1, λI)P (yn|wn, φn)dwndwn−1

]
p(λ|α, β)dλ

)
.

Note: there is no more a corresponding probabilistic structure!

(The correct model is the “Rauch Tung Striebel” smoother.)
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Filling in distributions:

log(p(DN)) = log
(∫

λ

N∏

n=1

[∫

wn

(2π)−
d
2|Λ−1

n−1 + λ−1I|−1
2 (8)

× exp(−0.5(wn − ŵn−1)
T (Λ−1

n−1 + λ−1I)−1(wn − ŵn−1))

× (1 + exp((2yn − 1)φT
nwn))

−1dwn

]

× βα

Γ(α)
λ(α−1) exp(−βλ)dλ

)

Remember: approximate p(wn, λ) as Q(λ)Q(wn) where Q(λ):
Gamma distribution and Q(wn): Gaussian distributions.
No conjugacy! Bound below using Jaakkola & Jordans bound
for the logistic cdf and our bound for “Gamma conjugacy” (in-
troduce variational parameters ξn and ν).
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Inference steps of the variational Kalman filter

00000000000000000000000000000000
update(ξN)
update(wN)
update(λ)
REPEAT

∀ n update(wn)
∀ n update(ξN)
update(λ)
update(ν)
δ ∼ N(0,∆)
w′

ϕ = wϕ + δ % propose new basis coefficients
with probability Pacc, wϕ = w′

ϕ

UNTIL convergence(F)
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Predicting probabilities with the variational Kalman filter.

00000000000000000000000000000000

φN = basisfunction(xN)

REPEAT

update(ξN)

update(wN)

UNTIL convergence(F)

calculate(P̃ )
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Tracking and stationary accuracy on synthetic data
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Non stationarity by switching

class labels in the second half

of the data. Above graph:

Expectation < λ >Q(λ)=
α̂
β̂

which corresponds to adap-

tation rate. Second graph:

instantaneous generalization

accuracy estimated in a win-

dow of size 30. Gamma Prior

over λ with expectation 100

and variance 106.
Based on such experiments: reasonable compromise between
stationary accuracy and tracking with a window size to 10 and
α = 0.01 and β = 10−4.
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BCI experiments

• Comparison with equivalent static classifier that is inferred

with sequential variational inference (non adaptive method).

• We measure generalization accuracy on independent test

data and check for statistical significance using Mc. Nemar’s

test (a test for paired experiments).

• We also estimate the BCI’s bit rate and check for significance

of different bit rates using a Kolmogorov-Smirnov test.
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Data - common properties in both studies

• Recorded using an ISO-DAM amplifier using gain 104 and
analogue band pass filter with pass band between 0.1 Hz and
100 Hz. We sample at 384 Hz and 12 bit resolution.

• Feature extraction is based on the proposed method, extract-
ing 3 reflection coefficients for each electrode and second.
These features are labelled according to the cognitive task
the subject was supposed to do in the respective time inter-
val.

• In order to make the comparison fair, we use a two fold cross
testing by split the data obtained in every trial in 2 halves
and allow the classifier to converge using on one half before
assessing the performance on the other half. All results are
within subject though averaged over all subjects that partic-
ipate in the study.
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Electrode positions

T3

P4P3

T4

Inion

Nasion

3 cm

C3’

C4’’

C4’

C3 C4

C3’’

Augmented 10-20 posi-

tions at T4, P4 (right

tempero-parietal for spa-

tial and auditory tasks),

C3’, C3” (left motor area

for right motor imagery)

and C4’, C4” (right mo-

tor area for left motor im-

agery)
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Generalization accuracy study one

Characteristics: 8 subjects, two sets of trials 1.) no cognitive
activity (rest EEG) vs. imagined movements and 2.) a math-
ematical task vs. imagined movements, differential electrodes
at C3’-C4’ with reference behind left mastoid, 10 repetitions of
each task done for 10 seconds, once without and once with visual
feedback.

Predicting for every second without reject option we get:

Cognitive
task

Generalization results
vkf vsi Pnull

rest/move, no feedback 0.69 0.61 ¿ 0.01
rest/move, feedback 0.71 0.70 0.39
move/math, no feedback 0.69 0.62 ¿ 0.01
move/math, feedback 0.64 0.60 ¿ 0.01
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Generalization accuracy study two

Characteristics: 10 subjects, three sets of trials assessing combi-
nations of a navigation task, an auditory imagination and imag-
ined movements, 2 differential electrode sites C3’-C3” (left mo-
tor area for right motor imagination) and T4-P4 (right tempero-
parietal for spatial and auditory tasks) with reference lateral to
left mastoid, 10 repetitions of each task done for 7 seconds, no
feedback.

We predict for every second without reject option:

Cognitive
task

Generalization results
vkf vsi Pnull

navigation/auditory, 0.86 0.85 0.02
navigation/movement 0.80 0.80 0.31
auditory/movement 0.78 0.76 ¿ 0.01
navig./audit./move, 3 class 0.75 0.73 ¿ 0.01
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Empirical cdfs over KL divergence
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Empirical cdf. over Kull-

back Leibler (KL) diver-

gence between prior prob-

abilities of cog. states

and posteriors obtained

by the BCI classifier.

dotted line − > static

method, solid line − >

variational Kalman filter.

KL divergences of vkf

are larger. Kolmogorov-

Smirnov test based on

these cdfs.

23



Comparing average bit rates

Study one
bit rates rP (y) [bit/s]

task vkf vsi Pnull
rest/move no fb. 0.18 0.10 ¿ 0.01

rest/move fb. 0.18 0.13 ¿ 0.01
move/math no fb. 0.18 0.11 ¿ 0.01

move/math fb. 0.15 0.10 ¿ 0.01
Study two
bit rates rP (y) [bit/s]

task vkf vsi Pnull
nav./aud./move 0.55 0.49 ¿ 0.01

audit./move 0.38 0.35 ¿ 0.01
navig./move 0.32 0.28 ¿ 0.01
navig./audit. 0.37 0.34 ¿ 0.01
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Conclusion

• We propose in this work a truly adaptive BCI which we infer

using a novel algorithm based on variational Bayes.

• An empirical comparison using generalization accuracy and

bit rate show that the proposed method improves over equiv-

alent static classification. The differences were found to be

highly significant.

• We thus suggest that in order to achieve optimal bit rates

BCI’s should be based on concepts of adaptive learning.

• Since all calculations of the proposed algorithm can be done

in real time, the variational Kalman filter is a promising tech-

nique towards a fully adaptive BCI.
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