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PART I

Geveric Tramework SRS e
for adapfive BCI =

Application to the
P300—spelley
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' Definition: & ror communication,

confrol, art,
enferfainment, neuro—
rehabilitation, neuro—
adaptive tech, passive §
monitoring..

B A system which enables ==
& . connection between af
brain and a machine

Brain—computer interfaces for communication
and control, J.R. Wolpaw, 2002 ]




3, Translating data
info commands

2, Filtering,
~ processing data

e

out of labs

[Brain—computer interfaces for communication

and control, J.R. Wolpaw, 2002] 4/18



BCl methods:

- Adaptive

AssisT in learning,
foster motivation,
favor ergonomy,

minimize fafigue...

| Adjust to signal

Short term user factors:

1. Attention, mood (Nijboer 2006,

' ioment and __ e Jeunet 20%) muscle tension
. The equip . nt: | —
' im | environme
- experimenta

(Schumacher 2015)

== 2. User’s mental command, e.q.
| i t sensifivity ov | : ' e
. 1, Equipment s e B for MI - Linesthetic or visual

ic field presen e e i

mag\ne)ﬂc v\: T o ==~ moTor Imagery (Neuper 2005)

I~ cnvivonme e : '

- | ong term user factors:
silva, 2005, Maby 20%) e J

-

| & 3. User’s learning capacity
5. Quality of fhe '\)Yv\s)(:cuc“)ﬂzﬂs - depending on e.q. memory span
: o eitio) : -
- given To The user

_ = infrinsic motivation, imagination
“ fhrough the task (Neuper 2005) and skills (Teunet 20%)




User model ot = Task model

Stable characteristics Purpose

(o e Y]
Profile ‘ = Strategy

: Cognitive : = : E Mental
( Skills )( abilities j[Personahty J = ( ey j[ rotations J( ro0e )

Long period
Long period

Context dependent components — = Exercice

e

System pipeline

Temporal

filter Weights Average
Spatial filter
Repetitions

Time points




—>» (Top-down) control flow

When? - - (Bottom-up) information flow
How? '

Conductor :

- ' 2
- A generic framework for What?

adaptive EEG—based

User model Task model

Stable characteristics Purpose

- BCl training and operation ( T ][ . )[Handednessj
[Mladenovic et al. 2017] = <L Q
E—— Profile - Strategy .
s, : ¥ o0 '_ ( Skills j[Cog?it‘iveJ(PersonalityJ ( ML j[ Mental )( P300 j
EXP\‘C e\ .._ <k abilities bl <L rotations 4
Uuser aV\d Task; _:-_': Context dependent components Exercice |-

Adaptation occurs at D ED e

different time scales

System pipeline

Temporal

filter Weights Average

Parameters Repetitions

Spatial filter

Time points

ot e e b i —

What about a (generic) computational Framewor?




A computational neuroscience approach on how an adapfive system
\|ke the bvam should |mp\emeM pevcephom, learning and action,

T P —_—"
R

—

Impovfamﬂt{,, such a Sl{,sTem

— Implements a model of its environment

— Optimizes ifs inferactions through both making inference
(about the environment) and acting (upon the environment)
— Inference and Action both rest on optimizing a single

.. cosT Fumchom ca\\eol Free ener a4

< - - 4, - _ -
T ﬂ!nr' - o T :

We propose fo endow The BCI St{,sfem wuﬂn Achve Imfevevmce in
order fo optimize cooperation with BCI user, This enfails
endowing the BCI system with an explicit model of the user and
JYask as Pvescwbeol bt{, our Fvamewovk Fov aolapﬁve BCI,

St i AR ST

ST
-o(-ndﬁ x ..Pa.»




. Basic:vow/co\umwf

protocol, spell
2fter n flashes
optimal stopping,
i,e. spell when
enough evidence
has been
accumulated




S SO g T =

TTON/PERCEPTION | ™ ™ wommm

AC : \ Task model
FOCUS ON A LETTER; 8 | | B

~ SPELL A WORD:
/
CLASSIFIER

P300 OR
ERROR POTENTIALS /

What can be the choice ot rows/columns To tlash to reveal fhe Tavqef?l
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‘State transition
' (depends on action)

dlion sidies
(36 posmb\e items)

State mapping onto outcome
(reflects classifier accuracy)

[Mladenovic et al. 2017] 11/18



Which oufcome
How confident 1 wavﬁ | do 1 favor?
fo be betore 1 spell?

optimal stopping
— Should I go on F\ashmq
or spell?

optimal flashing -
— Which ifems shou\ol

Which action minimizes
Free Energy?




o DO R i)
A y‘ .t e v e

'iﬁb}fmdf sfopping & ﬁashx’ngﬂ shcjivfed;fﬁcredéed a
In reduced fime

« Optimal stopping: 20.1x9 flashes 7 80.6% accuracy
« Optimal stop & flashing: 15.8+6 flashes 7 85.2% accuracy

[Mladenovic et al. 2017]




I and NooptFlash)
0d é&évaqe, bad

: Real data from
‘Subject 13:

h |

XFrEL)

Classit oufput:
type RELETE —Ss 4
ES3 Actinf LLR NT <—3,—1
ES ActinfNoOptFl |

B3 NoOpt

Ed Opt

Bit Rate: }

SR log2(N) + P * logZ(Pl - (1-P)
log2((1-P)/(N-1)) |

T <- 0.2 » nFlash |
BT <- B * (60/T)

YEFXFIxEEx)

label plot




Compared (s et
basic, and ophmé\ sto

-' atkfom
Subject B5:
Classit output:
CORITE s

rELRCNT =3, =2

¥EFEYEEL )

type

Ed Actinf
Ed ActlanoOptFI "
E= NoOpt

‘ Opt
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;’\0 WO P LIPS
&

label plot
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i
H‘?.,‘. e

gelil 1 veal dafa
basic, and opfimal s

P

R RRRRRRREE,

label_plot

ash and NooptFlash),

(good, average,

.' data from
Subject 04:

“Classif output:
WLERIT = 53,1
type K
B3 Actinf LLR NT <=3,
ES ActinfNoOptFI .
o NoOpt e

E3 Opt
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ACTIVE INFERENCE

User (hidden) states Task (control) set

Prior beliefs

Traits

Cantextual - exploitation
States / intentions |

Exercise

Action
Feedback / Instructions:
Modality, Difficulty

Observations
(neuro)physiological
measures (e.g.EEG)

True states (user intentions) are inferred through observations by the machine
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Im plement |t V\uth Act|ve Inference
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