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Graph Network for Brain Signals

» Electroencephalography (EEG)
» Record the voltage of ionic current within the neurons of brains

» Learning the structured EEG signal using:
» (1) Common Spatial Pattern (CSP)
» (2) Graph Convolutional Network (GCN)

» Goal: predict which object is the human gazing
= Application: Print the predicted object
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Brain Signals Recognition Schematics

= Spatial representation of EEG: (1) CSP (2) GCN

rain Signal Recognition
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Common Spatial Pattern (CSP)

» EEG: 64 channels, sampling frequency 260Hz, K categories (each N;)

» Step 1: Calculate the covariance matrix
| Given time-domain signal: E; € R6%*260
) where i=1, 2, ..., N is the number of samples

Calculate the covariance matrix as:
E;ET
L

C: =
© o tr(EE])




Common Spatial Pattern (CSP)

» EEG: 64 channels, sampling frequency 260Hz, K categories (each N;)

= Step 2: For each classification label, average them

N
5—1ic
I; k — Nk . l
=1

for each ki category.
The composite covariance matrix is

K
5=Z@
k=1




Common Spatial Pattern (CSP)

» EEG: 64 channels, sampling frequency 260Hz, K categories (each N;)

= Step 3: Decomposition and Whitening
C=UuAUT

| s=(Vatv)c (\/FU)T

Applying this to each categI?ry:

Si —_ z B)LkBT
k=1

where B = PU.



Common Spatial Pattern (CSP)

» EEG: 64 channels, sampling frequency 260Hz, K categories (each N;)

= Step 4: Optimization
wS;wT

w* = argmax

« Rayleigh Quotient Optimization

z* Mz Siw=2A) Sjw




Common Spatial Pattern (CSP)

» EEG: 64 channels, sampling frequency 260Hz, K categories (each N;)

= Step 4: Optimization
wS;wT

w* = argmax

Step 5: Signal Filtering
EF — WE




Convolutional Graph Representation (GCN)
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(a) Graph (b) Adjacency matrix

Fig. 2: Example of a complete weighted undirected graph with
5 vertices and the corresponding adjacency matrix. The five
vertices are reading from Frontal (F) and Temporal (T) lobes
of human brain. The adjacency matrix is symmetric matrices,
in which the colors denote the connection weights.



Convolutional Graph Representation (GCN)

= Consider the brain network as a graph, where each vertex is a channel
x = fur':.-‘.t(zz fij xxi;)
i J

EM = softmaz(wE"™ + b)

E=w'E > E'=(A+DE
Adjacency
Matrix

(Trainable

Variable) -

loss = — yilog(pi)
k=1

* Note that the Adjacency matrix is “Trainable”
* Dynamic Graph Network
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Experimental Results
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Experimental Results

Emotiv Headset
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Reproducing Experiment

=
=
LI AT R[ES

= =SUCHE L E|= S5
(class 2)= €2 20|, F &= & #&2& = JU=X| & Z 7t Ll':f
= Github%| Reproducing code®} =|I} H|O|E ME (mat L} E)0| Uz LILCE.
LI AMSE CSP% O &3} training set2| featureE &%t &, Graph Neural Network
= AHESf I E 250 test setO| A class 11t class 28 T2 = Y= L L}
= Jupyter notebookOf| A 2t £ 2, Tensorflow 1.13H{ S AtE W &L Lt

= 5532 2Xt HO|HOf| tis =45 s la L.
- 0| 59| gHit= s 7INM2e K &2d577S X AL T

= CSP -> GNN(& 27} layer, 242} hidden feature2| A& 3, 5) -> FCN(17H layer)
* Code: github.com/mochacoco/GCN_Project



Reproducing Experiment: Result

= 36H 2HXtO| Task & Z 1Y LICT,
« T22HE: 129/160 = 80.6%
- ZUANNZE AHERE 87 TE2E:71.3%
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Reproducing Experiment: Result

= 37H SHXtO| Task &2 Z Y LICT,
« T22HE: 136/160 = 85.0%
= 2EFANNS AFERE 87 TESE: 74.4%

Out [415] 0 136
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Reproducing Experiment: Result

» 42H SHX}O| Task T+ Z 1 L|Ct
« T22HE: 159/160 = 99.4%
= ZEANNZ A= 87 T=2=E:58.3%

Out [444] 159
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Reproducing Experiment: Result

= 44H BHX}O| Task 71& Z1HQIL| L},
« 1E22HE: 111/160 = 69.4%
= ZEANNE M ERE B8F T=2E: 50.0%

Out [460]: 111
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Reproducing Experiment: Result

» 46'H S2HX}O| Task T+ ZHQ LI Lt
« 122HE: 145/160 = 90.6%
= ZEANNE M ERE B8F T=2E:80.4%

Out [470]: 145
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Reproducing Experiment - Discussion
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