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Brain-Computer Interface (BCI)
interface to the mind

How does a Brain-Computer-Interface work?
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Beyond Brain-Computer Interface (BCl)
encoding and decoding brain activity as a tool to...
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Applied Neurocognitive Systems (ANS)

application areas

Human-in-the-loop Learning Multimodal Mental State Monitoring
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Towards User-aware VR Environments
neuroadaptive learning and mental state monitoring

Dopamine:
-Reward
-Motivation
-Pleasure
-Motor/actions control

Performance

= Machine learning to decode WM load
Extract statistical features from HbO and HbR concentration

BOREDOM DISTRESS changes (Herff et al. 2014, Putze et al. 2019)
. Extract coefficients of a general linear model (GLM) from
Level of dopamine release in the prefrontal cortex HbO and HbR concentration changes (von Lihmann et al. 2020)

1-Prefrontal cortex 2-Striatum 3-Substantia nigra 4-Hippocampus 5-Ventro Tegmental Area 6-Nucleus accumbens

fNIRS: funcitonal near-infrared spectroscopy

VR: virtual reality

&
285 i F. Dehais et al.: A h to mental workload tand h =
. . Dehais et al.: A neuroergonomics approach to mental workload, engagement and human
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Towards User-aware VR Environments
neuroadaptive learning and mental state monitoring

Encoding

HO. NH, Dopamine:
-Reward
-Motivation
-Pleasure

HO -Motor, ns contri
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5 Condition
- Do we understand the machine learning models
and its underlying brain patterns?
BOREDOM DISTRESS
Level of dopamine release in the prefrontal cortex > How can we use machine /earn/'ng to /dent/fy
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Towards User-Aware VR Environments
memory load task in a VR learning scenario
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Learning task: install electrical components (order and positioning) in
a switch cabinet in a low (LW) and high working memory (HW)
condition
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Towards User-Aware VR Environments
signal processing and machine learning

Encoding
Forward Models of Memory Load

Individual-Level Analysis
Generalized Linear Model I

Pre-processing

Density

|
Evaluate Data Quality &
Artifacts
1

Create Design Matrix and
Run GLM

Scalp-Coupling-Index (< 0.5)

Temporal Derivative
Distribution Repair

Short Channel Regression
Group-Level Analysis |
Linear Mixed-Effects Model Convert Optical Density to
Hemoglobin (PPF = 6)

Compute Contrast
High - Low

Compute Statistic F e

Convert Raw Intensity to Optical_’ :

Ly
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Decoding
Inverse Models of Memory Load

Feature Extraction
— & HbO Amplitude per Epoch

and Channel

Multivariate Linear Classification with

Linear Discriminant Analysis (LDA)
|

Nested (Repeated) Cross-Validation
Standard Scaler
Hyperparameter Optimization @

-~ __ Bandpass IR Filter with
N o—— Cutoff 0.05 and 0.7
Plot Significant Effects E - v Feature Coefficients Extraction
o | Short Channels as GLM v .
HbO LMM Coefficients | regressors @ HbO Concentration LDA Coefficients
High - Low Working Memory Load | H'%h (1) - LQW (0) Working Memory Load
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Towards User-Aware VR Environments
encoding model of brain activity indicates learning progress

* Bundesministerium /ZIM
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Encoding Decoding
HbO GLM and LMM Coefficients ML Coefficients from @ HbO Concentration
High - Low Working Memory Load High (1) - Low (0) Working Memory Load
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Towards User-Aware VR Environments @ |t M
non-linear relationship between brain activity and memory load
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Towards User-Aware VR Environments
summary

= We showed complex non-linear relationship between working memory load, task
difficulty level and the hemodynamic response in the prefrontal cortex.

= [earning effects are visible in this relationship and in the machine learning based
classification performance.

» Encoding and decoding of brain patterns in VR learning scenarios can be applied to
several use case scenarios:
safety trainings in critical infrastructures,
robot-assisted language learning or medical interventions, or
human-robot collaborations,

Zi’éﬂﬁ.l%. . Lingelbach, K., Diers, D. and Vukeli¢ M (2023). Towards User-Aware VR Learning Environments: Combining Brain-Computer
Baden-Wiirctemberg = KI Eggsg&!‘!ﬂgﬁozsﬁml:{gm Interfaces with Virtual Reality for Mental State Decoding. In 2023 CHI Conference on Human Factors in Computing Systems
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Human-Robot Collaboration (HRC)

motivation

- = KI Fortschrittszentrum A. Bihimaier, M. Wagner, et al. Cognitive Endoscopic Camera Guidance, Surgical Robot Challenge 2015. % Fraunhofer
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Human-Robot Collaboration (HRC) ‘

reinforcement learning and learning from human feedback
Z Fraunhofer

What do we need?

good feedback function (criticism and reward) that captures the
task to be learned

What are the real-world characteristics and problems?

challenge of sparse extrinsic rewards — sparse environments

sparsity is a natural way to define a reward - agent only receives
a positive reward if the task is completed, or a goal is achieved!

provide poor learning signals for the agent, especially if the task
horizon is long - very time-intensive training!

\

% - Vukeli¢ M, Bui M, Vorreuther A, Lingelbach, K. (2023). Combining brain-computer interfaces with deep reinforcement
Baden-Wiirttemberg a KI Eﬂﬁiﬁnﬂgﬁﬁﬁmfﬂm learning for robot training: a feasibility study in a simulation environment. Front. Neuroergonomics, Sec. % FraunhOfer
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Learning from Human Feedback

BCl-based deep reinforcement learning

1. Brain-Computer-Interface (BCl) Calibration

Brain Signals

Classification
of Brain Signals

Automatic Decision
of Perceived Errors

Baden-Wiirttemberg

MINISTERIUM FUR WIRTSCHAFT, ARBEIT UND TOURISMUS
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LERNENDE SYSTEME UND KOGNITIVE ROBOTIK

Brain Signal
Classification

Human Observer

2. Learning from Human Feedback (HF)

Error Feedback

Environment

o

e

AffektoBotik

= Fraunhofer

3. Reinforcement Learning (RL) with Human Feedback

Actions done by
RL & HF Agent

Vukeli¢ M, Bui M, Vorreuther A, Lingelbach, K. (2023). Combining brain-computer interfaces with deep reinforcement
learning for robot training: a feasibility study in a simulation environment. Front. Neuroergonomics, Sec.
Neurotechnology and Systems Neuroergonomics, Volume 4 - 2023
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BCl-based Deep Reinforcement Learning ‘

Study 1: decoding performance

— Z Fraunhofer
Goal(s)

pybullet environment: https:/github.com/bulletphysics/bullet3 - practical feaSIblllty Of EEG (Wet- VS dry-systems) for decoding

Error-related Potentials (ErrP)

= comparison of decoding performance with different
machine learning models

- ) BRAIN PRODUCT:

lutions for neurophysiological research

N=16
(age = 18-35)

D
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BCl-based Deep Reinforcement Learning

Study 1: results
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BCl-based Deep Reinforcement Learning

Study 1: results

285

Baden-Wiirttemberg

MINISTERIUM FUR WIRTSCHAFT, ARBEIT UND TOURISMUS

=Kl

Decoding Performance [ROC-AUC]

Decoding Performance [ROC-AUC]

=
o
|

o
©
L

o
0
A

e
~
)

o
£l
|

0.5

Training Set Performance

PTe " 2%5"

=== EEGNet Classifier
= SVM Classifier

LDA Classifier
=== Riemannian based Classifier

0.4

1.0

0.9 |

0.8

0.7

0.6 -

Gel-based EEG Syétem [16 Channels]
Test Set Performance

Gel-based EEG Sysltem [64 Channels]

Dry-based EEG Syétem [20 Channels]

X
I oom—|

L T e e EL LT e EEEELELELES
== EEGNet Classifier LDA Classifier
= SVM Classifier == Riemannian based Classifier —
0.4 ! ! ! =—
Gel-based EEG System [64 Channels] Gel-based EEG System [16 Channels] Dry-based EEG System [20 Channels]
Vukeli¢ M, Bui M, Vorreuther A, Lingelbach, K. (2023). Combining brain-computer interfaces with deep reinforcement

Fortschrittszentrum

LERNENDE SYSTEME UND KOGNITIVE ROBOTIK

Neurotechnology and Systems Neuroergonomics, Volume 4 - 2023

learning for robot training: a feasibility study in a simulation environment. Front. Neuroergonomics, Sec.

AffektoBotik

= Fraunhofer

\

~ Fraunhofer

IAO



BCl-based Deep Reinforcement Learning ‘

Study 2: feasibility study in simulation environments

— Z Fraunhofer
Goal(s)

pybullet environment: https:/github.com/bulletphysics/bullet3 - Comparison Of tWO versions Of the Of the DeepRL + HF algorithm:

= implicit BCl-based given feedback version

, = —

= explicitly given feedback (keyboard input) version

y
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(age = 18-35)
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BCl-based Deep Reinforcement Learning

Study 2: results

]
A) 0.8 B) 0.8
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SPL, success weighted by the normalized path length; BCl = brain-computer interface

HF = human feedback policy (fully connected lightweight neural network)

RL = Deep Deterministic Policy Gradient (DDPG) Algorithm

Keyb. = Keyboard input
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In all the experiments,

10 models of 8000 episodes
were trained, where solid
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area the confidence interval
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BCl-based Deep Reinforcement Learning
summary

Study 1

Dry-based EEG-system provides a robust and fast method for
automatically assessing robot behaviour using deep learning model.

The comparative analysis advance the applicability and accessibility in
future BCl applications — dry-EEG is a valid and efficient alternative.

Study 2

BCl-based version (dry EEG-system) significantly accelerates the learning
process with even comparable performance to that achieved by the
approach with explicit human feedback.

We provide a valid alternative in those human-robot applications where
no access to cognitive demanding explicit human feedback is available.

?;@5 B . Vukeli¢ M, Bui M, Vorreuther A, Lingelbach, K. (2023). Combining brain-computer interfaces with deep reinforcement —
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Applied Neurocognitive Systems (ANS)
better technology comes from better science

Cognitive Applied Our vision is to create a better future of work and
Neuroscience Psychology . L.
S everyday life; where people are
| ANS 2§, at the forefront while technology is assistive
A B’ ‘5\ J ¢ o
7 g WS In the background!
N Machine S
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