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Abstract 
 

EEG is a non-invasive neuroimaging modality that operates by measuring changes in 
electrical voltage on the scalp that are induced by cortical activity. In this research, we 
propose a method for self-supervised learning of EEG raw data to learn the hidden 
patterns of human brain activities. This work was performed through a pipeline 
consisting of five phases. Each of the phase’s output will be the input for the next 
phase. Phase 1 is for pre-processing raw EEG sequences into EEG representations that 
catch the spacial and temporal properties in the original raw EEG sequences. We have 
followed a relatively less complex method to pre-process raw EEG sequences. In phase 
2, pre-processed raw EEG sequences will be learnt by self-supervised representation 
learning. For that self-supervised vision transformers with DINO will be used. These 
vision transformers models are computationally more demanding and require more 
training data therefore more computational resources and training data will be needed. 
So that at the presence of more training data and computational processing power, self-
supervised vision transformer architectures will be expected to produce the best results 
while outperforming supervised learning architectures. Then at the phase 3, sequences 
of prototypes for each raw EEG data sequence of the dataset will be generated. To 
evaluate the prototypes that are generated from raw EEG data, phase 4 and 5 have been 
used as the downstream task for the self-supervised learning task. For phase 4 and 5, 
we again used a transformer architecture, that is a BERT based model called RoBERTa 
to learn the synthetic language generated by phase 3 or to learn the context and the 
language of generated prototype sequences and by performing a multi class prototype 
sequence classification, prototype generation for each representation at specific time 
stamp of raw EEG data sequence can be evaluated. We believe that since the models 
are computationally demanding and require more training data, the latter explained 
pipeline of five phases should be improved with more training and performing 
hyperparameter tuning at a high computational resources and data rich environment. 

 
Keywords: Electroencephalogram, Self-Supervised Learning, Vision Transformers, 
Natural Language Processing 
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1. INTRODUCTION 

 1.1 Research background 

EEG is a non-invasive neuroimaging modality that operates by measuring 
changes in electrical voltage on the scalp that are induced by cortical activity. It 
provides a wealth of physiological, psychological, and pathological information about 
the subject. iThere ihas ibeen ia ilarge inumber iof ineurophysiological iand ipsychological 

istudies iconducted ithat ihave idiscovered ithat ithe igeneration iand iactivity iof ihuman 

iemotions iis ihighly icorrelated iwith ithe iactivity iof ithe icerebral icortex. iIt ihas ibeen ishown 

ithat idifferent icognitive iand iemotional iactivities iin ihumans ican iresult iin idifferent iEEG 

isignals i[28]. iThe iprocessing iand irecognition iof iEEG isignals iis ia idifficult itask ithat 

irequires ia ilot iof ieffort. iFirst iand iforemost, ithe iEEG isignal ihas ia ilow isignal-to-noise 

iratio iand iis isusceptible ito ibeing iinterfered iwith iby iother inoise isources. iA isensitive 

iEEG irecording idevice, ifor iexample, iis ivery isusceptible ito ibeing iinfluenced iby ithe 

isurrounding ienvironment, iand imuscle iactivity, ieye imovement, iand iblinking ican iall 

icontribute ito iunwanted inoise. iFor ithe isecond itime, ipeople iare ifrequently iinterested iin 

iEEG isignals irelating ito ispecific ibrain iactivities ithat iare ialways isubmerged iin 

ibackground inoise, iand iit iis idifficult ito idistinguish ithese isignals ifrom ithe ibackground 

inoise iin imost icases. 

The ielectroencephalogram iconsists iof imultiple itime iseries icorresponding ito 

imeasurements itaken iat ivarious ispatial ilocations ithroughout ithe icerebral icortex. iWhen 

iit icomes ito iaudio isignals, ithe ifrequency idomain iis iwhere ithe imost inoticeable 

icharacteristics ican ibe ifound i[1]. iIn imost iexisting iworks, iEEG iis ieither itreated ias ia 

iseries iof ichain-like isequences[5,] iwith icomplex idependencies ibetween iadjacent 

isignals[6], ior iit iis irepresented ias iraw idata[2]-[4], iwith iimportant ispatial iinformation 

ibeing ilost. iThe ielectroencephalogram i(EEG) iis iconsidered ito ibe ione iof ithe imost 

ipractical iapproaches ito ithe idevelopment iof ibrain-computer iinterface i(BCI) isystems ias 

iwell ias imedical idiagnostics. iWhile iit iis ipossible ito isuccessfully iidentify ithe iparts iof ithe 

ibrain ithat iare iassociated iwith icognitive ievents, idoing iso iprecisely iremains ia idifficult 

itask i[6]. 

1.2 Research problem 

The findings of this research would include a more precise identification of the 
brain regions that are activated by cognitive events. iHowever, idespite ithe iextensive 

iresearch ion iEEG ithat ihas ibeen iconducted iin irecent iyears, iit iis istill idifficult ito iinterpret 

iEEG isignals ieffectively ibecause iof ithe ilarge iamount iof inoise ipresent iin iEEG isignals 

iand ithe idifficulty iin icapturing ithe isubtle irelationships ibetween iEEG isignals iand 

icertain ibrain iactivities i[5].  As a result, the findings of this research could be used to 
improve the existing EEG-based BCI in real-world applications by involving precisely 
identified areas of the brain and providing support for experiments involving 
neurodegenerative diseases such as Parkinson's disease. 
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By icombining iself-supervised irepresentation ilearning iwith isequence iclassification ito 

iprecisely iidentify ithe iareas iof ithe ibrain ithat iare iassociated iwith icognitive ievents, iwe 

ihope ito iuncover ihidden ipatterns iin iEEG iraw idatasets iwhile ipreserving ithe ispatial 

iinformation icontained iin iEEG irecordings. 

1.3 Research objectives 

1. Introduce a concept of brain language to generalize the handling of 
raw EEG data. 

2. Support on applying EEG data acquired with different hardware (e.g. 
with different number of electrodes) by merging various EEG datasets 
together. 

3. Identify precise areas of the brain where specific cognitive events are 
involved to address the uncertainties associated with EEG-based 
BCIs. 

4. Support classification of unlabeled EEG raw data by self-supervised 
vision transformers. 

5. Derive and compare the efficiency of different self-supervised 
learning methods proposed in the literature with respect to the 
proposed self-supervised vision transformers with DINO. 
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2. LITERATURE REVIEW 

 In this section, we will go over the relevant literature that has been cited so far 
in this paper. EEG representation, self-supervised learning with EEG, and self-
supervised learning with imagery will all be covered in this section, which will be 
divided into three main subsections.  

2.1 EEG representations 

As deep learning and artificial intelligence technologies have advanced in recent 
years,emotion recognition has emerged as a popular research topic in the fields of 
human-computer interaction and affective computing. iEmotion irecognition iis ithe 

iprocess iof idetermining ithe itype iof iemotion ithat ihas ibeen iexpressed iby ia igiven 

iindividual. iThe idevelopment iof iefficient iand irobust ihuman iemotion irecognition 

ialgorithms iwill ihave ia isignificant iimpact ion iwearable ihuman-computer iinteraction iin 

ithe inear ifuture, iaccording ito iindustry iexperts. iIt iis ipossible ito isignificantly iimprove ithe 

iquality iof ithe iuser iexperience iby iincorporating iautomatic iemotion irecognition iinto 

ihuman-computer iinteraction iapplications. iThis ican ibe iaccomplished iby iincreasing ithe 

inumber iof iwearable idevices ithat ican idetect iemotional iEEG iactivity iand iby irealizing 

imany idifferent icontrol ifunctions ithat iare ibased ion iemotion iperception iand iregulation. 

iA inon-invasive ibrain iimaging itechnique iknown ias ielectroencephalography i(EEG) 

imeasures ithe ielectrophysiological iactivities iof ithe ibrain iusing iscalp ielectrodes. iEEG 

ican ireveal ia igreat ideal iabout ia iperson's iphysiological, ipsychological, iand ipathological 

istate. iThere ihas ibeen ia ilarge inumber iof ineurophysiological iand ipsychological istudies 

iconducted ithat ihave idiscovered ithat ithe igeneration iand iactivity iof ihuman iemotions iare 

ihighly icorrelated iwith ithe iactivity iof ithe icerebral icortex. iIt iis ipossible ifor ihuman 

ibeings ito iproduce idifferent iEEG isignals idepending ion itheir icognitive iand iemotional 

iactivities. iThe igoal iof ieffective ibrain-computer iinterface i(BCI) icontrol ican ibe 

iachieved iwith ithe ihelp iof ieffective ifeature iextraction iand iclassification itechniques. 

iHuman ifacial iexpression, ivoice, ielectrocardiogram i(ECG), ielectromyogram i(EMG), 

imagnetic iresonance iimaging i(MRI), iand iother iphysiological isignals iare ibeing 

ireplaced iby iEEG ifor ithe irecognition iof ihuman iemotion. iThis iis idue ito ithe iadvantages 

iof iEEG, iwhich iinclude iits istrong iobjectivity, ithe ifact ithat iit iis idifficult ito iforge, ithe 

iease iwith iwhich iit ican ibe iacquired iusing ia iwearable iEEG iheadset, iand ithe iease iwith 

iwhich iit ican ibe ioperated. 

The iprocessing iand irecognition iof iEEG isignals iis ia idifficult itask ithat irequires ia ilot iof 

ieffort. iFirst iand iforemost, ithe iEEG isignal ihas ia ilow isignal-to-noise iratio iand iis 

isusceptible ito iinterference ifrom iother isources iof inoise. iFor iexample, isensitive iEEG 

irecording iequipment iis ivery isusceptible ito ibeing iinfluenced iby ithe isurrounding 

ienvironment, iand imuscle iactivity, ieye imovement, iand iblinking ican iall icontribute ito 

iundesired inoise iin ithe irecordings. iFor ithe isecond itime, ipeople iare ifrequently iinterested 

iin iEEG isignals irelating ito ispecific ibrain iactivities ithat iare ialways isubmerged iin 

ibackground inoise, iand iit iis idifficult ito idistinguish ithese isignals ifrom ithe ibackground 



4 
 

inoise iin imost icases. iAlthough iEEG isignals irecorded ion ithe iscalp ihave ia ilow ispatial 

iresolution i(in imilliseconds), itheir ihigh itime iresolution i(in imilliseconds) iallows ithem 

ito irecord ichanges iin ibrain iactivity ithat iare islow ior irapid iin inature. iConsequently, iboth 

ispatial iand itemporal iEEG icorrelation imust ibe itaken iinto iaccount iin iorder ito iextract 

ifeatures iassociated iwith ispecific ibrain iemotion idynamics. 

It is proposed in the paper [8] that a new method of representing EEG data, which 
converts 1D chain-like EEG vector sequences into 2D mesh-like matrix sequences, be 
used for emotion recognition. iThe imatrix istructure isimply imaps ithe ibrain iarea 

idistribution iof i32 iEEG ielectrodes' ilocations, iwhich imay ibe ia imore iaccurate 

irepresentation iof ithe ispatial icorrelation iof imultiple ielectrodes ithat iare iphysically 

iadjacent ito ione ianother. iIn ithe ifollowing istep, ithe isliding iwindow iis iused ito isegment 

ithe i2D imatrix isequences iinto isegments ithat icontain iequal itime ipoints. iEach isegment iis 

ireferred ito ias ian iEEG isample ior iepoch, iand iit iincorporates iall iof ithe ispatial iand 

itemporal iinformation iavailable. iTo ipredict ithe iemotion icategory iof ieach iEEG isample, 

irecurrent ineural inetworks iwith icascaded iand iparallel iconvolution iconvolution 

iconvolution iare iproposed. iCNN iis iused iin ithese itwo ihybrid inetworks ito ilearn ithe ihigh-
level ispatial icorrelation ibetween iphysically iadjacent iEEG ielectrodes, iand iLSTM-
based iRNN iis iused ito ilearn ithe isubtle itemporal idependency ibetween itime ipoints iin 

ieach inetwork. iOn ia ilarge-scale iDEAP idataset i(32 isubjects, i9,830,400 iEEG 

irecordings), iwe iconducted iextensive ibinary iemotion iclassification iexperiments iin 

ivalence iand iarousal ito itest ithe iefficacy iof iour iproposed imethods iand imodels. iUsing 

iour ispatial-temporal iEEG irepresentations, ithe iexperimental iresults idemonstrate ithat 

ithe iclassification iaccuracies iof iboth iproposed ihybrid inetworks iachieve iover i93 

ipercent, ioutperforming ithe imost irecent ibaseline imethods iand iother ideep ilearning 

imodels, iand iyielding iaccuracy iincreases iof i5.1 iand i6.6 ipercent iin ivalence iand iarousal, 

irespectively, iin ia iwithin-subject ivalidation iscenario. 

An iinterface ibetween ithe ibrain iand ithe icomputer i(brain-computer iinterface, iBCI) 

iconverts ineural iactivities iinto ielectrical isignals, iallowing iresearchers ito iinvestigate ithe 

irelationship ibetween ibrain iactivities iand ibehavior. BCI isystems iare iwidely iused iin ithe 

ifield iof irehabilitation imedicine, iwhere ithey iare iused ito irecognize ithe iintentions iof 

ipatients, iamong iother ithings. iBecause iof iits ilow icost, iease iof ioperation, iand ihigh itime 

iresolution, ielectroencephalography i(EEG), ithe imost icommon isignal isource ifor iBCI 

isystems, iis iwidely iused iin iintention irecognition. iEEG isignals iacquired iby ithe iEEG 

iheadset ishow idifferent ifluctuation ipatterns ias isubjects iperform imotor iimagery ior icarry 

iout ispecific iactions, idepending ion ithe itask iat ihand. iWhen ia isubject's iEEG isignals iare 

idecoded, ithe iBCI isystem ikicks iin. iIn irecent iyears, iresearchers ihave iconcentrated ion 

ithe irecognition iof iintentions iusing ielectroencephalography i(EEG). iThe icompany ihas 

icreated inumerous iBCI iapplications, iincluding ithe icontrol icharacter isystem ibased ion 

ithe iP300, icursor icontrol isystems ibased ion ithe imu irhythm iand ibeta irhythm, iand irobot 

iarm icontrol, iamong iother ithings. 

The inherent limitations of EEG continue to pose numerous challenges to EEG 
intention decoding, despite the rapid development and satisfactory results obtained to 
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date. Random inon-stationary ibehavior, ia ilow isignal-to-noise iratio, iand ihigh 

isusceptibility ito iinterference iare iall icharacteristics iof ithe iEEG isignal. iInterferences 

ibetween ithe iElectrooculogram i(ECG), iElectromyography i(EMG), iand 

iElectrocardiogram i(ECG) imake iit iimpossible ito idetermine ia irelationship ibetween ithe 

iactions ior iemotions iof ithe isubject iand ithe iEEG isignals, iand ivice iversa. iSo ifeature 

iextraction inecessitates icomplex isignal ipreprocessing, iwhich ivaries iaccording ito ithe 

irequirements iof idifferent iresearch ifields. i Effective feature extraction is also critical 
for decoding motor intentions, and a variety of algorithms have been developed and 
tested in this area. 

The paper [8] employs the novel Grad-CAM method for channel selection, which 
combines feature visualization technology with channel selection to achieve superior 
performance and channel selection. Although ideep ilearning imodels ilack itransparency, 

itheir imethod inot ionly iexplains ithe idecision-making iprocess iof ideep ilearning imodels 

ibut ialso iexplains ithe idecision-making iprocess iof ideep ilearning imodels. iIt ialso iallows 

ifor ithe ivisualization iof ithe ichannel iselection iprocess iduring ithe iselection iprocess. 

iTheir imethod, iin iorder ito imaintain imodel iperformance, ireduces ithe inumber iof 

ichannels, iresulting iin ia ireduction iin isystem iresources. iFurthermore, ithey idemonstrate 

ithat itheir imethod iachieves ithe ibest ipossible itrade-off ibetween imodel iperformance iand 

ithe inumber iof iavailable ichannels. Also proposed is an EEG intention recognition 
network structure based on a recurrent-convolutional neural network structure that 
preserves and captures spatial information by converting the original one-dimensional 
(1D) EEG data vector into a two-dimensional (2D) EEG data matrix. The i2D iEEG idata 

imatrix isegments iobtained iby iusing ithe itime isliding iwindow icontain iboth ispatial iand 

itemporal iinformation iand ithus iare iconsidered ito ibe icomplete. iIn ithis ipaper, ithey 

ipropose ia iCNN-GRU istructure ifor ilearning ithe idecomposed ispace-time 

irepresentation. iWhen icompared ito ithe iCNN-LSTM istructure, itheir imodel iperforms 

isignificantly ibetter iin iterms iof icomplexity iand itraining itime. iIn icross-subject iand 

imulticlass iscenarios, ithe iresearchers' imethod ioutperforms iboth ithe icomparative istate-
of-the-art imodels iand ithe ibaseline imodels, iaccording ito ithe iresults iof itheir 

iexperiments. 

Using the publicly available motor imagery EEG dataset EEGMMIDB, they carried 
out an experiment. The iexperimental iresults idemonstrate ithat itheir imethod iachieves ian 

iaccuracy iof i97.36 ipercent iat ithe ifull ichannel, ioutperforming imany istate-of-the-art 

imodels ias iwell ias ibaseline imodels iin ithe iprocess. iTheir imodel ihas ifewer iparameters 

iand irequires iless itime ito itrain, idespite ithe ifact ithat iits idecoding irate iis ithe isame ias ithe 

ibest imodel itested. iFollowing ithe ichannel iselection, itheir imodel imaintains ithe iintention 

idecoding iperformance iof i92.31 ipercent iwhile ireducing ithe inumber iof ichannels iby 

inearly ihalf iand isaving isystem iresources, iaccording ito ithe iauthors. In the case of EEG 
intention decoding, their method achieves the best possible trade-off between 
performance and the number of electrode channels. 

With the help of a brain-computer interface (BCI), users can directly communicate 
with the outside world or control instruments solely through their thoughts, providing 
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an alternative and practical way to assist people who are suffering from severe motor 
disabilities, such as stroke or paralysis. iRecent iresearch ihas ialso idiscovered 

iapplications ifor ihealthy iusers, isuch ias ibrain-computer iinterface i(BCI) igames iin ithe 

ientertainment iindustry. iIt iis ibelieved ithat iscalp-recording ielectroencephalography 

i(EEG) iis ithe imost ipractical imethod iof irealizing ibrain-computer iinterface i(BCI) 

isystems ibecause iof iits iportability iand iease iof iimplementation iof ithe iacquisition 

isystem. iIt ihas ibeen iobserved ithat iwhen isomeone iimagines imoving idifferent iparts iof 

ihis ibody ior igiving idifferent icontrolling icommands ito ian iinstrument, ithe iEEG isignals 

ifrom ihis iscalp ifluctuate iin ivarious imodes. iThe iEEG isignals ican ibe ianalyzed iin ithis 

imanner ito idetermine ithe iintentions iof ithe isubject. iIt ihas ibeen igaining ipopularity, iand 

ivarious istudies ihave iattempted ito iincorporate iEEG-based iBCI iinto ireal-world 

iapplications isuch ias imind-controlled iwheelchairs, iprosthetics, iand iexoskeletons, 

iamong iother ithings. 

In real-world situations, on the other hand, due to a variety of open challenges, EEG-
based BCI systems are still in their infancy. iEEG isignals iare itypically icharacterized iby 

ia isignificant iamount iof ibackground inoise. iThe iEEG isignals, iin iaddition ito ithe 

icommon inoises ithat iaffect isensory isystems, isuch ias ipower iline iinterference iand 

iimproper ielectrode iconnections, ialso icontain isome iunique iand iinevitably inoisy 

icomponents. iEEG isignals iwith ihigh isignal-to-noise iratios iare iadversely iaffected iby 

iphysiological iactivities isuch ias ieye iblinks, imuscle iactivity, iand iheartbeat iduring ithe 

irecording iprocess. iEnsuring ithat iparticipants iremain ifocused ion ithe itasks iat ihand 

ithroughout ithe iduration iof ian iexperiment iis idifficult. iFurthermore, ia itypical iEEG-
based iBCI isystem itypically ihas i8 ito i128 isignal ichannels, iresulting iin ilimited isignal 

iresolution iwhen icompared ito itasks irequiring iimage ior ivideo iprocessing iand 

irecognition icapabilities. iFor ithe isecond itime, ithere iis isome iuncertainty iabout ithe 

icorrelations ibetween iEEG isignals iand ithe ibrain iintentions ithat icorrespond ito ithem iin 

ideeper istructures. iUnlike ibody imovements, iwhich ican ibe ieasily iexplained iby 

imonitoring iaccelerometers ior igyroscopes, iinferring ithe iintentions iof ithe ibrain iby 

idirectly iobserving iEEG isignals iis inot istraightforward. iIn iaddition, iwidely iused ibrain 

iintention irecognition imethods iheavily irely ion ihandcrafted ifeatures, irequiring 

iextensive ipreprocessing iprior ito imaking ia iprediction iin iorder ito ibe iaccurate. Signal ide-
noising iand ifeature iselection isteps iare iperformed iin isome imethods ibefore ia ifinal 

irecognition imodel iis ideveloped. iIt iis iinconvenient ito itrain iand iimplement ia itwo-stage 

imodel iin ithis imanner, iand ithe ientire iprocess iis itime-consuming iand ihighly idependent 

ion iprofessional iknowledge iin ithis iarea. iIn iconclusion, icurrent iresearch iis ifocused 

iprimarily ion ieither iintra-subject i(where itest idata iand itrain idata iare icollected ifrom ithe 

isame isubject), ior ibinary iEEG isignal iclassification iscenarios. iIt iis iimportant ito inote ithat 

ivery ilittle iresearch ihas ibeen idone ion iscenarios iinvolving imore ithan ione isubject ior 

iclass. iBut ifor ithe ipurpose iof iimplementing ireal-world iapplications, icross-subject iand 

imulti-class iscenarios iare ihighly idesired. iAside ifrom ithat, imany iexisting iworks iexhibit 

ipoor iperformance ieven iin iintra-subject ior ibinary iclassification iscenarios, iwith 

iaccuracy ilevels ihovering iaround i80%. 
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In order to overcome the aforementioned challenges in the development of EEG-based 
BCIs, the paper [5] proposes two types of convolutional recurrent neural networks, 
which they refer to as cascade and parallel models,  ifor idetecting ihuman iintentions iby 

ilearning ithe ieffective icompositional iSpatio-temporal idynamics ifrom iraw iEEG 

istreaming isignals iwithout ipreprocessing, irespectively. iTo ibe imore ispecific, ithey 

icreate ia imesh-like iraw iEEG isignal ihierarchy ifrom i1D ichain-like iEEG ivectors iby 

imapping ithe iEEG irecordings iwith ithe ispatial iinformation iof ithe iEEG iacquisition 

ielectrodes, iwhich iallows ithem ito ialign ithe icorrelations ibetween ineighboring iEEG 

isignals iand ithe icorresponding ibrain iregions. iAfterward, iboth icascade iand iparallel 

iconvolutional irecurrent inetwork imodels iare ideveloped ito idecode irobust iEEG 

irepresentations ifrom iboth ispace iand itime idimensions iin ieither ia isequential ior ia iparallel 

imanner, ias iappropriate.  In ithis ipaper, ithey ipropose imodels ithat iare iunified iend-to-end 

itrainable imodels ithat ilearn irobust ifeature irepresentations iwhile ialso iclassifying iEEG 

iraw isignals ito idetect imovement ior iinstruction iintentions iat ithe isame itime. iIt iis ipossible 

ito igeneralize ithe iproposed imodels ito imore icomplex iand ipractical iscenarios i(both 

icross-subject iand imulti-class). iWhen iit icomes ito imovement iintention irecognition, 

iboth ithe icascade iand iparallel imodels iachieve ihigh iaccuracy iof iclose ito i98.3 ipercent, 

ioutperforming ithe icurrent istate-of-the-art imethods iby iapproximately i18 ipercent. iAlso 

iincluded iis ian ievaluation iof iour imodels ion ia ireal-world iBCI isystem, iwith iresults 

ishowing ithat iour imodels iachieve ian iacceptable iaccuracy iof i93 ipercent iwhen 

irecognizing ifive iinstruction iintentions iwith ilimited iEEG ichannels. iThus, itheir 

iproposed imodels idemonstrate irobust iabilities ito irecognize ia iwide irange iof ihuman 

iintentions iwhen iused iin iconjunction iwith ivarious iBCI isystems. 

When it comes to human daily life, emotion is extremely important, as it reflects the 
emotions that people have toward various things. iPeople's iinterpersonal iinteractions 

iand idecision-making iare iinfluenced iby itheir imental ihealth istatus. iIt ihas ibeen 

isuggested ithat ithe iemotional istates idetected iin ipatients ican ibe iused ias ian iindicator ifor 

icertain ifunctional iemotional idisorders, isuch ias iposttraumatic istress idisorder iand imajor 

idepression, iin ithe imedical ifields iof ipsychiatry iand ineurology. In a recent study, EEG 
signals were used to compare the emotional characteristics of a group of people who 
overused their smartphones to a healthy group. 

Facial expressions, speech, eye blinking, and physiological signals can all be used to 
determine how someone is feeling. The ifirst ithree iapproaches, ion ithe iother ihand, iare 

isusceptible ito isubjective iinfluences ifrom ithe iparticipants, iwhich imeans ithat 

iparticipants ican ipurposefully iconceal itheir iemotions iin ithese iapproaches. iIn icontrast, 

iphysiological isignals isuch ias ielectroencephalograms i(EEGs), ielectrooculography 

i(EOGs), iand iblood ivolume ipressure i(BVPs) iare iproduced iby ithe ihuman ibody ion iits 

iown iinitiative iand iwithout ithe iassistance iof ia imachine. iAs ia iresult, iphysiological 

isignals iare imore iobjective iand ireliable iwhen iit icomes ito icapturing ithe itrue iemotional 

istates iof ihumans. i Of all of these physiological signals, the EEG signal is the only one 
that originates in the human brain, which means that changes in EEG signals can be 
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used to directly correlate changes in human emotional states. As a result, researchers 
intend to use EEG signals to investigate human emotion. 

Automatic ireal-time iemotion irecognition ibased ion imulti-channel iEEG isignals iis 

ibecoming ian iincreasingly iimportant icomputer-aided imethod ifor idiagnosing iemotional 

idisorders iin ineurology iand ipsychiatry, idespite ithe ifact ithat iit iis ia idifficult ipattern 

irecognition itask. iMachine ilearning iapproaches ithat iare ibased ion icomprehensive 

idomain iknowledge iare irequired ito idesign iand iextract ivarious ifeatures ifrom isingle ior 

imultiple ichannels iin iorder ito ibe ieffective. iAs ia iresult, ithese iapproaches imay ipresent ia 

ichallenge ifor ithose iwho iare inot idomain iexperts. iRather, ideep ilearning iapproaches 

ihave ibeen isuccessfully iapplied iin imany irecent ipublications ito ilearn ifeatures iand 

icategorize idifferent itypes iof idata, iwith ivarying idegrees iof isuccess. iSpecifically, iin ithe 

ipaper i[9], ibaseline isignals iare itaken iinto iconsideration, iand ia isimple ibut ieffective ipre-
processing imethod iis iproposed iin iorder ito iimprove ithe irecognition iaccuracy iof ithe 

inetwork. iThe iuse iof ia ihybrid ineural inetwork, iwhich iincorporates ielements iof iboth 

i"Convolutional iNeural iNetwork i(CNN)" iand i"Recurrent iNeural iNetwork i(RNN), ihas 

ibeen idemonstrated ito ieffectively iclassify ihuman iemotion istates iby ieffectively ilearning 

icompositional ispatial-temporal irepresentations iof iraw iEEG istreams. iIt iis inecessary ito 

iconvert ithe ichain-like iEEG isequence iinto ia i2D-like iframe isequence ibefore iusing ithe 

iCNN imodule ito imine ithe iinter-channel icorrelation iamong iphysically iadjacent iEEG 

isignals iin iorder ito iperform ithis itask. iThe iLSTM imodule iis iused ito iextract icontextual 

iinformation ifrom idata. iA isegment-level iemotion iidentification itask iis iused iin ithe 

iexperiments, iwhich iare icarried iout ion ithe iDEAP ibenchmarking idataset. iTheir 

iexperimental iresults iindicate ithat ithe iproposed ipre-processing imethod ican iincrease 

iemotion irecognition iaccuracy iby iapproximately i32 ipercent iand ithat ithe imodel 

iachieves ihigh iperformance, iwith ia imean iaccuracy iof i90.80 ipercent ion ivalence 

iclassification itasks iand i91.03 ipercent ion iarousal iclassification itasks, irespectively, ion 

ivalence iand iarousal iclassification itasks. 

Another ichallenge iin ianalyzing iand imodeling icognitive ievents ifrom 

ielectroencephalogram i(EEG) idata iis iidentifying irepresentations ithat iare iinvariant ito 

iindividual idifferences ias iwell ias ito ithe iinherent inoise iassociated iwith iEEG idata 

icollection. iAccording ito ithe ipaper i[1], ithe iauthors ipropose ia inovel iapproach ifor 

ilearning isuch irepresentations ifrom imultichannel iEEG itime iseries iand idemonstrate iits 

ibenefits iin ithe icontext iof imental iload iclassification itasks. iFor istarters, ithey iconvert 

iEEG iactivities iinto ia isequence iof itopology-preserving imulti-spectral iimages, ias 

iopposed ito istandard iEEG ianalysis itechniques, iwhich iignore ispatial iinformation iin 

ifavor iof ispectral iinformation. iThey ithen itrain ia ideep irecurrent iconvolutional inetwork, 

iwhich iis iinspired iby icurrent ivideo iclassification itechniques, iin iorder ito ilearn irobust 

irepresentations ifrom ithe isequence iof iimages ithey ihave icollected. iWhen iusing ithe 

iproposed iapproach, ithe ispatial, ispectral, iand itemporal istructure iof iEEG iis ipreserved, 

iwhich iallows ifor ithe iidentification iof ifeatures ithat iare iless isensitive ito ivariations iand 

idistortions iwithin ieach iof ithe ithree idimensions. iThe iresults iof ian iempirical ievaluation 

iof ithe icognitive iload iclassification itask irevealed isignificant iimprovements iin 
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iclassification iaccuracy iwhen icompared ito icurrent istate-of-the-art iapproaches iin ithis 

ifield. 

Neurodegenerative diseases such as Parkinson's disease are associated with REM 
Behavior Disorder (RBD), which is a serious risk factor (PD). Deep learning methods 
for idiopathic rapid eye movement behavior disorder (RBD) prognosis classification 
from electroencephalography are described in the paper [2] (EEG). They imake iuse iof 

ia ifew iminutes iof iresting-state iEEG idata icollected ifrom ipatients iwith iidiopathic iRBD 

i(121) iand ihealthy icontrols i(120). i(HC, i91). iA isubset iof iRBD ipatients ieventually 

ideveloped ieither iParkinsonism i(19) ior iDementia iwith iLewy ibodies i(DLB) iover ithe 

icourse iof itheir ifollow-up i(mean iof i4 i2 iyears), iwhile ithe iremainder iremained iidiopathic 

iRBD. iThey ifirst idescribe ia ideep iconvolutional ineural inetwork i(DCNN) itrained iwith 

istacked imulti-channel ispectrograms, itreating ithe idata iin ithe isame iway ithat ideep 

iclassifiers ihave iproven ihighly isuccessful iin iaudio iand iimage iproblems, iwhere ideep 

iclassifiers ihave iexploited icompositional iand itranslationally iinvariant ifeatures iin ithe 

idata ito igreat ieffect. iThe iperformance iof ia ismall iDCNN inetwork ican itypically iachieve 

i80 ipercent iclassification iaccuracy iby iutilizing ia imulti-layer iarchitecture ithat icombines 

ifiltering iand ipooling.Using this approach, The researchers found that using a single 
channel, they were able to achieve an area under the curve (AUC) of 87 percent in the 
HC vs PD outcome problem. The trained classifier can also be used to generate 
synthetic spectrograms in order to investigate which aspects of the spectrogram are 
relevant to classification, highlighting ithe ipresence iof itheta ibursts iand ia idecrease iin 

ipower iin ithe ialpha iband iin ithe ifuture iParkinson's idisease ior idementia iwith iLewy 

ibodies i(DLB) ipatients. iTo iprovide ia ipoint iof icomparison, ithe iresearchers iinvestigate ia 

ideep irecurrent ineural inetwork ithat iemploys ieither istacked ilong ishort iterm imemory 

inetwork i(LSTM) icells ior igated-recurrent iunit i(GRU) icells, iwith iresults ithat iare 

isimilar. iThey icome ito ithe iconclusion ithat, idespite ithe ilimitations iof ithis ifirst istudy's 

iscope, ideep iclassifiers imay ibe ian iimportant itechnology ifor ianalyzing iEEG idynamics 

ifrom ismall idatasets iand iidentifying inew ibiomarkers. 

2.2 Self-supervised learning with EEG 

Many iapplications, iboth iinside iand ioutside iof ithe iclinical idomain, ihave ibeen 

imade ipossible iby ielectroencephalography i(EEG) iand iother ibiosignal imodalities, isuch 

ias ithe istudy iof isleep ipatterns iand itheir idisruption, ithe imonitoring iof iseizures, iand ithe 

iinterfacing iof ithe ibrain iwith icomputers. iThese idevices' iavailability iand iportability 

ihave iincreased idramatically iin irecent iyears, ieffectively idemocratizing itheir iuse iand 

iunlocking ithe ipotential ifor ithem ito ihave ia ipositive iimpact ion ipeople's idaily ilives. 

iApplication iareas isuch ias iat-home isleep istaging iand iapnea idetection, ipathological 

iEEG idetection, imental iworkload imonitoring, iand iso ion iare inow ientirely ifeasible. 

iExamples iinclude 

All of these scenarios involve the use of monitoring modalities, which generate an 
ever-increasing amount of data that must be interpreted.  iIt iis inecessary, itherefore, ito 

idevelop ipredictive imodels ithat ican iclassify, idetect, iand iultimately i"understand" 
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iphysiological idata iin ireal-time. iTraditionally, ithis itype iof imodeling ihas irelied iheavily 

ion isupervised iapproaches, iwhich inecessitate ithe iuse iof ilarge idatasets iof iannotated 

iexamples iin iorder ito itrain imodels ithat iare icapable iof ihigh iperformance. 

Accurate annotations of physiological data, on the other hand, can be difficult, 
expensive, and time-consuming to obtain. Adding annotations to sleep recordings, for 
example, requires trained technicians to visually scan hours of data and label 30-
second windows one at a time, which can take several hours. Neurologists imust ireview 

iclinical irecordings, isuch ias ithose iused ito idiagnose iepilepsy ior ibrain ilesions, iand ithey 

imay inot ibe iavailable iat iall itimes. iThe icomplexity iof ibrain iprocesses iof iinterest, 

icombined iwith inoise iin ithe idata, imakes iit idifficult ito iinterpret iand iannotate iEEG 

isignals. iThis ican iresult iin ihigh iinter-rater ivariability, ialso iknown ias ilabel inoise. 

iFurthermore, iit ican ibe idifficult ito idetermine iexactly iwhat iparticipants iwere ithinking ior 

idoing iin icognitive ineuroscience iexperiments iin isome icases, imaking iit idifficult ito 

iobtain iaccurate ilabels ifor ithe iparticipants. iIf ithe isubjects iare iperforming iimagery itasks, 

ifor iexample, iit iis ipossible ithat ithey iare inot ifollowing iinstructions ior ithat ithe iprocess 

iunder iinvestigation iis idifficult ito iobjectively imeasure i(e.g., imeditation, iemotions). iAs 

ia iresult, iin iorder ito imake iuse iof ilarge iunlabeled isets iof irecordings isuch ias ithose 

igenerated iin ithe iscenarios idescribed iabove, ia inew iparadigm ithat idoes inot irely 

iprimarily ion isupervised ilearning iis ineeded. iTraditional iunsupervised ilearning 

iapproaches, isuch ias iclustering iand ilatent ifactor imodels, ido inot iprovide icompletely 

isatisfactory ianswers ibecause itheir iperformance iis imore idifficult ito iquantify iand 

iinterpret ithan ithat iof isupervised ilearning iapproaches. 

As stated in this paper [10], supervised learning paradigms are frequently constrained 
by the amount of labeled data that is available to the researchers. This phenomenon is 
particularly troublesome in clinically relevant data, such as electroencephalography 
(EEG), where ilabeling ican ibe itime-consuming iand iexpensive iin iterms iof ispecialized 

iexpertise iand ihuman iprocessing itime, ias ishown iin ithe ifigure ibelow. iAs ia iresult, ideep 

ilearning iarchitectures idesigned ito ilearn ifrom iEEG idata ihave iproduced imodels ithat iare 

irelatively ishallow iand ihave iperformance ithat iis iat ibest icomparable ito ithat iof 

itraditional ifeature-based iapproaches iat ibest. iHowever, iin ithe imajority iof icases, 

iunlabeled idata iis ireadily iavailable iin ilarge iquantities. iUsing ideep ineural inetworks ito 

iextract iinformation ifrom ithis iunlabeled idata, iit imay ibe ipossible ito iachieve icompetitive 

iperformance idespite ihaving ilimited iaccess ito ilabeled idata iin ithe ifuture. iWhen iit icame 

ito ilearning irepresentations iof iEEG isignals, ithe iresearchers ilooked iinto iself-supervised 

ilearning i(SSL), ia ipromising itechnique ifor idiscovering istructure iin iunlabeled idata. 

iSpecific itasks ibased ion itemporal icontext iprediction iand icontrastive ipredictive icoding 

iwere iinvestigated ion itwo iclinically-relevant iproblems: iEEG-based isleep istaging iand 

ipathology idetection, irespectively. iThey icarried iout iexperiments ion itwo ilarge ipublic 

idatasets icontaining ithousands iof irecordings iand imade ibaseline icomparisons ibetween 

iapproaches ithat iwere ipurely isupervised iand ithose ithat iwere ihand-engineered. iLinear 

iclassifiers itrained ion iSSL-learned ifeatures ioutperformed ipurely isupervised ideep 

ineural inetworks ion ia iconsistent ibasis iin ilow-labeled idata iregimes, iwhile ialso 
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iachieving icompetitive iperformance iin ihigh-labeled idata iregimes.  The embeddings 
learned with each method also revealed clear latent structures associated with 
physiological and clinical phenomena, such as age effects. As a result, they 
demonstrate the effectiveness of self-supervised learning approaches on EEG data. 
Their findings suggest that SSL may pave the way for a more widespread application 
of deep learning models on EEG data in the future. 

In every action of our daily lives, our emotions are manifested in a variety of ways. iIt 

iis ione iof ithe imost iimportant iaspects iof ihuman idevelopment iand igrowth ito ibe iable ito 

irecognize iand iunderstand ione's iown iemotions, iand iit iplays ian iimportant irole iin ithe 

iemulation iof ihuman iintelligence. iAs ia iresult, ieffective icomputing iand iautomatic 

iemotion irecognition iare icritical ifor ithe iadvancement iof iartificial iintelligence iand iall iof 

ithe iresearch ifields ithat istem ifrom iit. iElectroencephalography i(EEG) iis ia itechnique ithat 

imeasures ioscillations iin ithe ibrain ithat iare icaused iby ithe isynchronized iactivity iof 

ineuronal inetworks. iIt iis ihypothesized ithat ichanges iin ithese ioscillations iare icorrelated 

iwith ithe icognitive iprocess iand ithat ithey ican ibe iused ito ireveal iimportant iinformation 

iabout ihuman iemotional istates iin icertain isituations.  When considered as a type of 
physiological signal, EEG has the advantage of being difficult to conceal or 
concealment. iThe itime iresolution iof ithis isignal iis iexcellent iwhen icompared ito iother 

iphysiological isignals, iand iit iis isimilar ito ithe inuanced ichanges iin iemotional istates ion ia 

itemporal iscale. iIncreasing iattention ihas ibeen idrawn ito iEEG-based iemotion 

irecognition ias ia iresult iof ithe irapid idevelopment iof inon-invasive, simple to use, and 
inexpensive recording devices. This has resulted in an increase in both research and 
application interest in this area. 

Although EEG has several advantages, it also has some disadvantages. First and 
foremost, because it is an aggregate signal derived from the activity of millions of 
neurons, the EEG has a low signal-to-noise ratio (SNR). Second, iEEG iis igenerally 

irecorded iusing itens ito ihundreds iof ielectrodes iat ithe isame itime, iand ithe isampling itime 

iin ieach itrial iis itypically igreater ithan ia ifew iseconds iper ielectrode. iAs ia iresult, ithe 

ioriginal ifeature idimension iof ian iEEG isample iis inot ivery ismall. iOn ithe iother ihand, ia 

itypical idataset ifor icognitive ineuroscience itasks, iusually ionly icontains ia ifew ihundred 

ito ia ifew ithousand isamples, iwhich iis inot ivery imany i(i.e., iexperimental itrials). iBecause 

iof ithis, ithe iinitial isample ito ifeature iratio iis iextremely ilow. iThird, ithe iEEG iis ia inon-
stationary isignal, iwhich imeans ithat iits istatistics ichange iover ithe icourse iof itime. iEEG 

ianalyses icannot ibe igeneralized iacross isubjects ibecause iof ithe iinherent ivariability iin 

ibrain ianatomy, ihead isize, iand idynamics iacross itrials/subjects. This is especially true 
when comparing EEG analyses across subjects performing a single task. The second 
limitation significantly complicates the application of machine learning models, and 
the other two limitations only serve to exacerbate this difficulty. 

Using machine learning algorithms, particularly deep learning models, to solve the 
data scarcity problem in Electroencephalography (EEG)-based affective computing 
results in difficulty in developing an effective model with high accuracy and stability. 
iIt ihas irecently ibeen idemonstrated ithat idata iaugmentation ican isignificantly iimprove 
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ideep ilearning imodel iperformance iby iincreasing iaccuracy iand istability iwhile ialso 

idecreasing iover-fitting i(see iFigure i1). iResearchers ihave iproposed ia inovel idata 

iaugmentation iframework, ireferred ito ias iGANSER i(Generative iAdversarial iNetwork-
based iSelf-supervised iData iAugmentation iFramework ifor iEEG-based iEmotion 

iRecognition), iin itheir ipaper i[11] i(GANSER). iThe iproposed iframework, iwhich iis ithe 

ifirst ito icombine iadversarial itraining iwith iself-supervised ilearning ifor iEEG-based 

iemotion irecognition, ican igenerate ihigh-quality iand ihigh-diversity isimulated iEEG 

isamples, imaking iit ia iworld ifirst. The researchers in this study, in particular, used 
adversarial training to learn an EEG generator and forced the generated EEG signals 
to approximate the distribution of real samples in order to ensure the quality of 
augmented samples.For ia iwide ivariety iof isamples, ia itransformation ifunction iis iused ito 

imask iportions iof iEEG isignals iand iforce ithe igenerator ito isynthesize ipotential iEEG 

isignals ibased ion ithe iportions ithat iremain ivisible. iIt iis iproposed ito iuse ithe imasking 

ipossibility iduring itransformation ias iprior iknowledge ito iguide ithe iextraction iof 

idistinguishable ifeatures ifrom isimulated iEEG isignals iand ithe igeneralization iof ithe 

iclassifier ito ithe iaugmented isample ispace, irespectively. Finally, extensive experiments 
demonstrate that their proposed method can aid in the recognition of emotions for the 
purpose of performance improvement while also achieving state-of-the-art results. 

It is usually straightforward to obtain EEG signals, but it is more difficult to label them 
accurately. In the field of EEG signal analysis, supervised learning has been widely 
employed; however, ithe igeneralization iperformance iof ithis itechnique iis ilimited iby ithe 

iamount iof iannotated idata iavailable. iSSL, ia ipopular ilearning iparadigm iin icomputer 

ivision i(CV) iand inatural ilanguage iprocessing i(NLP), ican imake iuse iof iunlabeled idata ito 

icompensate ifor ithe ilack iof ilabeled idata iin isupervised ilearning, iaccording ito ithe 

iresearchers. iUsing iEEG isignals ifor isleep istage iclassification, ithe iresearchers ipropose 

ia iself-supervised icontrastive ilearning imethod ifor iEEG isignals iin itheir ipaper i[12]. 

iDuring ithe itraining iprocess, ithey iset iup ia ipretext itask ifor ithe inetwork ito icomplete iin 

iorder ito imatch ithe iappropriate itransformation ipairs igenerated ifrom iEEG isignals ito ithe 

icorrect itransformation ipairs. iThis iway, ithe inetwork ilearns ithe igeneral icharacteristics 

iof iEEG isignals iand iimproves iits iability ito irepresent ithem. iThe inetwork's irobustness iis 

ialso ienhanced iwhen idealing iwith ia ivariety iof idata itypes, iwhich iis ito isay iwhen 

iextracting iconstant ifeatures ifrom iconstantly ichanging idata isources. iDetailing ithe 

inetwork's iperformance, ithe iamount iof iunlabeled idata ithat iis iused iin ithe itraining 

iprocess iof iself-supervised ilearning, ias iwell ias ithe itransformations iused, ican ibe ifound 

iin ithe ipaper.  Experiments with the Sleep-edf dataset demonstrate that their method 
has competitive performance on sleep staging (88.16 percent accuracy and 81.96 
percent F1 score) and that the SSL strategy is effective for EEG signal analysis in 
limited labeled data regimes. 

In many cases, the cost - and sometimes the impracticality - of data collection and 
labeling in multiple domains limits the application of the supervised learning 
paradigm. Self-supervised ilearning, ia iparadigm ithat itakes iadvantage iof ithe istructure iof 

iunlabeled idata ito igenerate ilearning iproblems ithat ican ibe isolved iwith istandard 
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isupervised iapproaches, ihas ishown igreat ipromise iin ifields isuch ias icomputer ivision iand 

itime iseries iprocessing ias ia ipre-training ior ifeature ilearning iapproach. iA iself-
supervision istrategy ifor ilearning iinformative irepresentations ifrom imultivariate itime 

iseries iis ipresented iin ithis ipaper i[13], iand iit ican ibe iused ito ilearn iinformative 

irepresentations ifrom ielectroencephalography isignals. iOne iapproach ithat ihas iproven 

isuccessful iis ibased ion ipredicting iwhether itime iwindows iare isampled ifrom ithe isame 

itemporal icontext ior iwhether ithey iare inot. The researchers demonstrated that their 
approach outperforms a purely supervised approach on a clinically relevant task (sleep 
scoring) and with two electroencephalography datasets in low data regimes, while also 
capturing important physiological information without access to labels. 

Generally ispeaking, ideep ineural inetworks i(DNNs) iused ifor ibrain-computer iinterface 

i(BCI) iclassification iare iexpected ito ilearn igeneral ifeatures iwhen itrained iacross ia 

ivariety iof icontexts, iwith ithe iexpectation ithat ithese ifeatures ican ithen ibe ifine-tuned ito 

ispecific icontexts. iWhile isome isuccess ihas ibeen iachieved iusing ithis iapproach, ithe 

iresearcher[14] ibelieves ithat iit iis ilimited iand ithat ian ialternative iapproach iwould ibetter 

iutilize ithe inewly i(publicly) iavailable imassive ielectroencephalography i(EEG) idatasets. 

They consider how to adapt techniques and architectures used for language modeling 
(LM) that appear capable of ingesting enormous amounts of data toward the 
development of encephalography modeling with deep neural networks (DNNs) in the 
same vein as language modeling. 

For ithis ipurpose, ithey ispecifically iadopt ian iapproach ithat ihas iproven isuccessful ifor 

iautomatic ispeech irecognition iand ithat, ilike iLMs, iemploys ia iself-supervised itraining 

iobjective iin iorder ito ilearn icompressed irepresentations iof iraw idata isignals. iWith iEEG 

iadaptation, ithey idiscover ithat ia isingle ipre-trained imodel iis icapable iof imodeling 

icompletely inovel iraw iEEG isequences irecorded iwith idifferent ihardware iand idifferent 

isubjects icompleting ia ivariety iof itasks iwith ithe ihelp iof idifferent itraining imethods. iThe 

iinternal irepresentations iof ithis imodel ias iwell ias iits ioverall iarchitecture ican ibe itailored 

ito ia ivariety iof idownstream iBCI iand iEEG iclassification itasks, ioutperforming iprevious 

iwork iin imore itask-specific iclassification itasks i(sleep istage iclassification) iself-
supervision 

The iamount iof ilabeled idata ithat ican ibe iused iin isupervised ilearning iparadigms iis 

ifrequently ilimited. iAs ia iresult, ithis iphenomenon iis iparticularly iproblematic iwhen 

idealing iwith iclinically irelevant idata, isuch ias ielectroencephalography i(EEG), iwhere 

ilabeling ican ibe itime-consuming iand iexpensive iin iterms iof ispecialized iexpertise iand 

ihuman iprocessing itime. iAs ia iresult, ideep ilearning iarchitectures idesigned ito ilearn ifrom 

iEEG idata ihave iproduced imodels ithat iare irelatively ishallow iand ihave iperformance ithat 

iis iat ibest icomparable ito ithat iof itraditional ifeature-based iapproaches, iat iworst ithey iare 

iworse. iUnlabeled idata, ion ithe iother ihand, iis ireadily iavailable iin ithe imajority iof 

isituations. iIt imay ibe ipossible ito iachieve icompetitive iperformance iwith ideep ineural 

inetworks idespite ihaving ilimited iaccess ito ilabeled idata iif iinformation ican ibe iextracted 

ifrom ithis iunlabeled idataset. iTo learn EEG signal representations, the researchers used 
self-supervised learning (SSL), a promising technique for discovering structure in 
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unlabeled data. The findings were published in the paper [15]. To be more specific, 
they take a contrastive approach and present results on two clinically relevant 
problems: iEEG-based isleep istaging iand ithe idetection iof ipathology iin ithe ibrain. 

iOverall, ithe iresults ishow ithat ilinear iclassifiers itrained ion iSSL-learned ifeatures 

iconsistently ioutperform ipure-supervised ideep ineural inetworks iin ilow-labeled idata 

iregimes iand ican iachieve icompetitive iperformance iwhen iall ilabels iare iavailable. Their 
findings suggest that self-supervision may pave the way for a more widespread 
application of deep learning models on EEG data in the future, according to the 
researchers. 

It is possible to significantly improve seizure diagnosis and treatment by using 
automated seizure detection and classification from electroencephalography (EEG). In 
previous automated seizure detection and classification studies, several modeling 
challenges went unaddressed, iincluding i(1) irepresenting inon-Euclidean idata istructure 

iin iEEGs, i(2) iaccurately iclassifying irare iseizure itypes, iand i(3) ithe ilack iof ia iquantitative 

iinterpretability iapproach ito imeasure ithe imodel iability ito ilocalize iseizures. iUsing 

igraph ineural inetworks i(GNNs) ito irepresent ispatiotemporal idependencies iin iEEGs iand 

iproposing itwo iEEG igraph istructures ithat icapture ielectrode igeometry ior idynamic ibrain 

iconnectivity, ithe iresearchers iattempt ito iaddress ithese ichallenges iby i(1) ideveloping ia 

iself-supervised ipre-training imethod ithat ipredicts ipreprocessed isignals ifor ithe inext 

itime iperiod ito ifurther iimprove ithe iaccuracy iof iEEG ianalysis, iand i(2) iproposing ia iself-
supervised ipre-training imethod ithat ipredicts ipreprocessed isignals ifor ithe inext itime 

iperiod ito ifurther iimprove ithe iaccuracy iof iUsing ia ilarge ipublic idataset i(5,499 iEEGs), 

ithey idiscover ithat itheir iGNN iwith iself-supervised ipre-training iachieves ia i0.875 iArea 

iUnder ithe iReceiver iOperating iCharacteristic iCurve ion iseizure idetection iand ia i0.749 

iweighted iF1-score ion iseizure iclassification, ioutperforming iprevious imethods ifor iboth 

idetection iand iclassification iof iseizure iactivity. iFurthermore, itheir i[16] iself-supervised 

ipre-training istrategy isignificantly iimproves ithe iclassification iof irare iseizure itypes, 

iwhich iis iof iparticular iimportance i(e.g. i47 ipoints iincrease iin icombined itonic iseizure 

iaccuracy iover ibaselines). The researchers also discovered that their GNN with self-
supervised pretraining accurately localizes 25.4 percent of focal seizures, which 
represents a 21.9 point improvement over existing CNNs. After all, is said and done, 
their approach, which involves superimposing the identified seizure locations on both 
raw EEG signals and EEG graphs, has the potential to provide clinicians with an 
intuitive visualization of localized seizure regions. 

Using iself-supervised ilearning, ithe iauthors iof ithis ipaper i[17] iattempt ito ilearn iefficient 

irepresentations ifrom iraw ielectroencephalogram i(EEG) isignals ifor isleep istage 

iclassification iusing ipredictive iand idiscriminatory icontrastive icoding i(SSL). iDespite 

ithe ifact ithat isupervised imethods ihave idemonstrated isuperior iperformance, ithey iare 

iheavily ireliant ion imanually ilabeled idatasets. iSSL ihas irecently idemonstrated ithat iit ican 

iachieve icomparable iperformance ito ifully isupervised imethods idespite ihaving ionly ia 

ismall iamount iof ilabeled idata iby iextracting ihigh-level isemantic irepresentations. iThey 

ipropose iSleepDPC, ia inovel isleep istage iclassification ialgorithm ibased ion iSSL, iin iorder 
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ito ialleviate ithe iover-reliance ion ilabels ithat ihave ibeen iobserved. iSleepDPC iimproves 

ion ithe iefficiency iwith iwhich iit idiscovers iunderlying isemantics ifrom iraw iEEG isignals 

iby iincorporating itwo idedicated ipredictive iand idiscriminative ilearning iprinciples iinto 

iits ialgorithm. iThey ithoroughly ievaluate ithe iperformance iof itheir iproposed imethod ion 

itwo ipublicly iavailable idatasets, iwhich ithey ideveloped ithemselves. iThe iexperimental 

iresults idemonstrate ithat itheir imethod inot ionly ilearns imeaningful irepresentations, ibut iit 

ialso iproduces isuperior iperformance iwhen icompared ito ivarious icompeting imethods, 

idespite ithe ifact ithat ithey ionly ihave iaccess ito ilabeled idata. 

Among the most common neurological diseases in humans, epilepsy is one of the most 
prevalent, and electroencephalography (EEG) is the most widely used method for 
clinicians to detect epileptic seizures.iOn ithe icontrary, imanually iobserving iEEG idata iis 

ierror-prone, iand ilabeling iepilepsy idata iis ian iexpensive iand itime-consuming iprocess 

ithat irequires ia ilarge inumber iof iresources. iFor ithe ipurpose iof ianomaly idetection ion 

ielectroencephalography isignals, ia inew iself-supervised ilearning imethod iis iproposed iin 

ithis istudy i[18]. iThis imethod idoes inot irequire iany iepileptic iEEG idata iand ionly iuses 

inormal iEEGs ito idetect ianomalies iin ielectroencephalography isignals. iThe ioriginal 

iEEG idata iis isubjected ito ia iseries iof iscaling itransformations iin iorder ito iproduce iself-
labeled iscaled iEEG idata, iwhere idifferent ilabels icorrespond ito idifferent iscaling 

itransformations. iIn iparticular, iThen, iusing ithe iself-labeled inormal iEEG idataset, ia 

imulti-class iclassifier ican ibe itrained ito iaccurately ipredict ithe iscaling itransformations 

ion inew inormal iEEG idata, ibut inot iaccurately ion iabnormal i(epileptic) iEEG idata. 
Following that, the degree of inconsistency between predicted scaling transformations 
and ground truth scaling transformations can then be used to determine the degree of 
abnormality in a newly acquired EEG dataset.In-depth iexperimental ievaluations 

idemonstrate ithat ithe iproposed iself-supervised imethod ioutperforms itraditional 

ianomaly idetection imethods isuch ias ithe ione-class isupport ivector imachine i(SVM) iand 

iautoencoders. iExperiments iwith idifferent iclassifier istructures iand ivariations iin 

irelevant ihyper-parameters ihave ialso idemonstrated ithe irobustness iof ithe iproposed 

imethod. 

2.3 Self supervised learning with imagery 
 

Convolutional neural networks are being used to pre-train general-purpose 
visual features that do not require annotations, which is a difficult and important task. 
Unsupervised feature learning has recently been focused on either small or highly 
curated datasets like ImageNet, with non-curated raw datasets being found to reduce 
feature quality when evaluated on a transfer task. iIt iis ithe iauthors' igoal iin ithis ipaper 

i[19] ito ibridge ithe iperformance igap ibetween iunsupervised imethods itrained ion icurated 

idata, iwhich iis idifficult ito iobtain, iand imassive iraw idatasets, iwhich iare ireadily 

iavailable. iThis iis iaccomplished ithrough ithe iuse iof ia inovel iunsupervised iapproach ithat 

itakes iadvantage iof iself-supervision iand iclustering ito iextract icomplementary istatistics 

ifrom ilarge-scale idata. iUsing i96 imillion iimages ifrom ithe iYFCC100M idataset, ithey 

idemonstrate ithe ieffectiveness iof itheir iapproach iby iachieving istate-of-the-art iresults 
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iamong iunsupervised imethods ion istandard ibenchmarks. iThis idemonstrates ithe 

ipotential iof iunsupervised ilearning ieven iwhen ionly inon-curated iraw idata iis iavailable. iIt 

iis ialso idemonstrated ithat ipre-training iwith itheir imethod iresults iin i74.9 ipercent itop-1 

iclassification iaccuracy ion ithe iImageNet ivalidation iset, iwhich iis ian iimprovement iof 

i+0.8 ipercent iover ithe isame inetwork itrained ifrom iscratch, ias idemonstrated iin itheir 

ipaper. 
 
The ipaper i[20] iintroduces iSimCLR: ia isimple iframework ifor icontrastive ilearning iof 

ivisual irepresentations. iSimCLR iis ia isimple iframework ifor icontrastive ilearning iof 

ivisual irepresentations. iThey imake iit ieasier ito iuse irecently iproposed icontrastive iself-
supervised ilearning ialgorithms ibecause ithey ido inot irequire ispecialized iarchitectures ior 

ia imemory ibank, ias iwas ipreviously irequired. iThey iconduct ia isystematic istudy iof ithe 

imajor icomponents iof itheir iframework iin iorder ito igain ia ibetter iunderstanding iof iwhat 

iallows ithe icontrastive iprediction itasks ito ilearn iuseful irepresentations. iThey 

idemonstrate ithat i(1) ithe icomposition iof idata iaugmentations iis icritical iin ithe idefinition 

iof ieffective ipredictive itasks, i(2) ithe iintroduction iof ia ilearnable inonlinear 

itransformation ibetween ithe irepresentation iand ithe icontrastive iloss isignificantly 

iimproves ithe iquality iof ithe ilearned irepresentations, iand i(3) icontrastive ilearning 

ibenefits ifrom ilarger ibatch isizes iand imore itraining isteps iwhen icompared ito isupervised 

ilearning, irespectively. iThe iresearchers ihave idiscovered ia iway ito icombine itheir 

ifindings iin iorder ito ioutperform iprevious imethods ifor iself-supervised iand isemi-
supervised ilearning ion iImageNet iby ia isignificant imargin. A linear classifier trained on 
self-supervised representations learned by SimCLR achieves top-1 accuracy of 76.5 
percent, which represents a 7% improvement over the previous state-of-the-art and is 
comparable to the performance of a supervised ResNet-50 in terms of accuracy and 
precision. When they are fine-tuned on only 1% of the labels, they achieve top-5 
accuracy of 85.8%, outperforming AlexNet, despite having 100 times fewer labels to 
work with. 
 
Recently developed contrastive learning methods, in particular, have made significant 
progress in closing the gap between unsupervised and supervised image 
representations. It is computationally challenging to perform a large number of explicit 
pairwise feature comparisons in real-time with these contrastive methods, which are 
typically used online. In this paper [21], ithe iauthors ipropose ian ionline ialgorithm, 

iSwAV, ithat itakes iadvantage iof icontrastive imethods iwithout ithe ineed ito icompute 

ipairwise icomparisons ibetween ithe iinput iand ioutput iimages. iAs ian iexample, iinstead iof 

idirectly icomparing ifeatures ias iin icontrastive ilearning, itheir imethod isimultaneously 

iclusters ithe idata iwhile ienforcing iconsistency ibetween icluster iassignments igenerated 

ifor idifferent iaugmentations i(or i"views") iof ithe isame iimage. iPut ianother iway, ithey 

iemploy ia i"swapped" iprediction imechanism, iin iwhich ithey ipredict ithe icode iof ia iview 

ibased ion iits irepresentation iin ianother iview. iA ilarge iand ismall ibatch iof idata ican ibe iused 

ito itrain itheir imethod, iand iit ican ihandle ian iunlimited iamount iof idata. iBecause iit idoes 

inot inecessitate ithe iuse iof ia ilarge imemory ibank ior ia ispecial imomentum inetwork, itheir 

imethod iis imore imemory iefficient ithan ipreviously iused icontrastive imethods. iIn 
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iaddition, ithey ipropose ia inew idata iaugmentation istrategy icalled imulti-crop, iwhich 

iemploys ia imix iof iviews iwith idifferent iresolutions iin iplace iof itwo ifull-resolution 

iviews, iwithout iincreasing ithe imemory ior icompute irequirements iof ithe isystem iin 

iquestion. iIt iis idemonstrated ithat ithey iachieved  75.3 percent top-1 accuracy on 
ImageNet with ResNet-50, as well as surpassing supervised pretraining on all of the 
transfer tasks considered in the study. 
 
Bootstrap Your Own Latent: A New Approach to Self-Supervised Learning is a new 
approach to self-supervised image representation learning introduced in the paper [22]. 
Essentially, iBYOL iis icomprised iof itwo ineural inetworks, ireferred ito ias ithe ionline iand 

itarget inetworks, ithat icommunicate iwith iand ilearn ifrom ione ianother. iIn iorder ito ipredict 

ithe itarget inetwork irepresentation iof ian iimage iunder ia idifferent iaugmented iview, ithey 

itrain ithe ionline inetwork ito ipredict ithe itarget inetwork irepresentation iof ithe isame iimage 

iunder ithe isame iaugmented iview. iMeanwhile, ithey iupdate ithe itarget inetwork iwith ia 

islow-moving iaverage iof ithe ionline inetwork, iwhich iis iupdated iat ithe isame itime. iBYOL 

iachieves ia inew istate iof ithe iart iwithout iusing inegative ipairs, iin icontrast ito icurrent istate-
of-the-art imethods ithat ido iso. iThe iBYOL isystem iachieves i74.3 ipercent itop-1 

iclassification iaccuracy ion iImageNet iwhen ievaluated iusing ia ilinear ievaluation iand ia 

iResNet-50 iarchitecture,  and 79.6 percent when evaluated using a larger ResNet. They 
demonstrate that BYOL is on par with or better than the current state of the art on both 
transfer and semi-supervised benchmarks, according to the researchers. 
 
Momentum Contrast (MoCo) for unsupervised visual representation learning is 
presented in the paper [23] (in English only). iThey idevelop ia idynamic idictionary iwith 

ia iqueue iand ia imoving-averaged iencoder ifrom ithe iperspective iof icontrastive ilearning 

ias ia idictionary ilookup. iThis iallows ifor ithe iconstruction iof ia ilarge iand iconsistent 

idictionary ion ithe ifly, iwhich iaids iin ithe ifacilitation iof icontrastive iunsupervised 

ilearning. iOn iImageNet iclassification, iMoCo iproduces iresults ithat iare icompetitive 

iwith ithose iobtained iusing ithe icommon ilinear iprotocol. iMore iimportantly, ithe 

irepresentations ilearned iby iMoCo iare ieasily itransferable ito iother itasks iin ithe ifuture. 

iUsing iPASCAL iVOC, iCOCO, iand iother idatasets, iMoCo ican ioutperform iits 

isupervised ipre-training icounterpart iin i7 idetection/segmentation itasks, iwith isome 

iresults iexceeding ithe isupervised icounterpart iby isignificant imargins. This suggests that 
the gap between unsupervised and supervised representation learning has been 
substantially narrowed in many vision tasks over the past few years. 
 
Contrastive iunsupervised ilearning ihas imade isignificant istrides iin irecent iyears, ias 

idemonstrated iby ithe iMomentum iContrast i(MoCo) iand iSimCLR iexperiments. iIn ithis 

ipaper i[24], ithe iauthors itest ithe iefficacy iof itwo iSimCLR idesign iimprovements iby 

iincorporating ithem iinto ithe iMoCo iframework iand iverifying itheir ieffectiveness. iThey 

iestablish istronger ibaselines ithat ioutperform iSimCLR iwith isimple imodifications ito 

iMoCo, isuch ias ithe iuse iof ian iMLP iprojection ihead iand imore idata iaugmentation, iand 

ithey ido iso iwithout ithe ineed ifor ilarge itraining ibatches iof idata. iThey ihope ithat iby idoing 

iso, ithey iwill ibe iable ito imake icutting-edge iunsupervised ilearning iresearch imore 
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iaccessible. 

In the paper [25], the researchers investigate whether self-supervised learning can 
impart new properties to Vision Transformers (ViTs) that are distinguishable from 
those found in convolutional neural networks (CNNs) (convnets). iAside ifrom ithe ifact 

ithat iadapting iself-supervised imethods ito ithis iarchitecture iworks iexceptionally iwell, 

ithey imake ithe ifollowing iobservations iabout ithe iarchitecture: iThe iself-supervised iViT 

ifeatures, ifor istarters, icontain iexplicit iinformation iabout ithe isemantic isegmentation iof 

ian iimage, iwhich idoes inot iemerge ias iclearly iwith isupervised iViTs ior iconvnets, iand 

isecond, iself-supervised iViT ifeatures iare imore iefficient ithan isupervised iViT ifeatures. 

iFirst iand iforemost, ithese icharacteristics imake ifor iexcellent ik-NN iclassifiers, iwith itop-
1 iperformance ion iImageNet ireaching i78.3 ipercent iwith ia ilow iViT. iAlso ihighlighted iin 

itheir iresearch iis ithe iimportance iof iusing ia imomentum iencoder, imulti-crop itraining, 

iand ithe iuse iof ismall ipatches iwhen iworking iwith ivirtual iinsects i(VITs). DINO is a 
simple self-supervised method developed by the researchers, which they interpret as a 
form of self-distillation that does not require any labels. Using ViT-Base, they 
demonstrate the synergy between DINO and ViTs by achieving an 80.1 percent top-1 
on ImageNet in linear evaluation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



19 
 

3. METHODOLOGY 

According to the previous literature about self-supervised learning of EEG, 
they have been mainly focused on EEG as a multi-channel EEG time-series that 
ignores the spatial features on them. In addition, those approaches require 
comprehensive domain knowledge and that might be an obstacle for non-domain 
experts in the field. To mitigate those challenges, in this research, we propose an 
approach that considers the spatial features of EEG raw data by applying a data 
representation, which transforms 1D chain-like EEG vector sequences into 2D mesh-
like sequences and applies state-of-the-art approaches like Self Supervised Learning 
with Vision Transforms (ViT) for unsupervised representation learning on 
preprocessed 2D meshes and BERT (Bidirectional Encoder Representations from 
Transformers) based models for evaluation of unsupervised representations by 
prototype sequence classification. 

In the following subsections, the procedure which is going to be followed will be 
discussed and will be divided into five main phases, phase 1 - preprocessing of EEG 
raw data, phase 2 - unsupervised representation learning by self-supervised learning 
of 2D meshes, phase 3 -  transforming raw EEG sequences into prototype sequences, 
phase 4 - training a masked language model and finally phase 5 - pretraining a 
prototype sequence classifier as a downstream task. 

3.1 Spatio-temporal preserving representations for raw EEG 
data 

To iconduct iour iresearch, iwe imake iuse iof ithe ipublicly iavailable imotor iimagery 

idataset iEEGMMIDB i[28], iwhich icomes ifrom iPhysioNet. iAn iinternational istandard 

i10–10 isystem iwas iused ito iacquire ithe idata, iwith ia isampling ifrequency iof i160 iHz, ion 

iBCI2000 iequipment, iwhich ihad ia itotal iof i64 ielectrode ichannels iand iutilized ian 

iinternational istandard i10–10 isystem ito ido iso. iEyes iclosed, iimagining iopening/closing 

ithe ileft ifist, iimagining iopening/closing ithe iright ifist, iimagining iopening iand iclosing 

iboth ifeet iare iamong ithe ifive ibrain iactivities iincluded iin ithe idataset, iwhich iwas 

icollected ifrom i109 isubjects. iEach isubject iparticipated iin i14 iexperiments, iwith ithe 

ibaseline istarting iwith ithe ieyes iclosed iand ithe irest iof ithe iimagery ibeing irepeated ithree 

itimes, ifor ia itotal iof imore ithan i1500 irecordings ion ieach isubject's ibehalf. iBecause ithe 

idata iof isubject i89 iis icompletely idifferent ifrom ithe idata iof ithe iother isubjects, ionly ione 

imotor iintention iwas iperformed iin ithe iexperiment, iand ias ia iresult, ithe idata iof isubject i89 

iwere iexcluded ifrom iconsideration iin ithis iinvestigation. iTherefore, ia idataset iconsisting 

iof i108 iparticipants iis iused iin ithis ipaper. 
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Figure 1. Acquisition and preprocessing of electroencephalogram (EEG) data In order 
to record EEG signals as time-series data vectors, a BCI headset with multiple 
electrodes is first used to capture EEG signals. In accordance with the electrode map 
of the BCI headset, these data vectors are then converted to 2D data meshes for further 
processing. Sliding window techniques are used to segment the converted 2D meshes 
into clips at the end of the process. 

The ioverall iEEG idata iacquisition iand ipreprocessing iflowchart iof iour iproposed imethod 

iare ishown iin iFigure i1. iThe iEEG-based iBCI isystem iuses ia iwearable iheadset iwith 

imultiple ielectrodes ito icapture ithe iEEG isignals. iWhen ia isubject iimagines iperforming ia 

icertain iinstruction, ithe ielectrodes iof ithe iheadset iacquire ithe ifluctuations iof ithe 

ivoltages ifrom ithe iscalp. iThe iEEG ielectrode imap iin iFigure i1 idepicts ithe ielectrodes 

iplacement iof ian iexample iBCI iheadset. iThe ielectrode imap ivaries ifrom idifferent iBCI 

isystems iaccording ito ithe idifferent inumber iof irecording ichannels. iThe isensory 

ireadings ifrom ithe iEEG iacquisition isystem irepresent itime-series idata iat ithe iacquiring 

ifrequency. iTypically, ithe iraw idata ifrom ithe iEEG isignal iacquisition isystem iat itime 

iindex it iis ia ione-dimensional i(1D) idata ivector irt i= i[s i
1

 it i, is2 it i, isi it i... i, isn it i] i
T, iwhere is i

i
 it iis 

ithe ireading idata iof ithe iith ielectrode ichannel iat itimestamp it. iThe iacquisition isystem 

itotally icontains in ichannels. iFor ithe iobservation iperiod i[t, it i+ iN], ithere iare i(N i+ i1) i1D 

idata ivectors, ieach iof iwhich icontains in ielements icorresponding ito in ielectrodes iof ithe 

iacquisition iheadset. 

From ithe iEEG ielectrode imap, iit iis iobserved ithat ieach ielectrode iis iphysically 

ineighboring imultiple ielectrodes iwhich imeasure ithe iEEG isignals iin ia icertain iarea iof ithe 

ibrain, iwhile ithe ielements iof ithe ichain-like i1D iEEG idata ivectors iare irestricted ito itwo 

ineighbors. iFurthermore, idifferent ibrain iregions icorrespond ito idifferent ibrain 

iactivities. iFrom ithis iconceptualization, iwe iconvert ithe i1D iEEG idata ivectors ito i2D 

iEEG idata imeshes iaccording ito ithe ispatial iinformation iof ithe ielectrode idistribution iof 

ithe iacquisition isystem. iThe itransformation ifunction iof ithe i1D idata ivector irt iat 

itimestamp it ifor iits icorresponding i2D idata imesh imt iis idenoted ias ifollows: 
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where ithe ipositions iof ithe inull ielectrodes iare ipadded iwith izeros. iThrough ithis 

itransformation, ithe iraw i1D idata ivector iseries i[rt, irt+1 i... irt+N i] iis iconverted ito ithe i2D 

idata imesh iseries i[mt, imt+1 i... imt+N i]. iDuring iobservation iduration i[t, it+N], ithe inumber 

iof i2D idata imeshes iis istill i(N i+1). iAfter i2D idata imesh itransformation, ithe idata imesh iis 

inormalized iacross ithe inon-zero ielements iusing iZ-score inormalization. iEach iof ithe 

iresulted i2D idata imeshes icontains ithe ispatial iinformation iof ithe ibrain iactivity iat iits 

irecording itime. iDuring ithe irecording iprocess, isome iEEG ireadings iare ivariably 

imissing ilargely idue ito iissues iof ielectrical iconductivity iand isubjects' imovement, 

iresulting iin iall ichannels irecording izeros. iThis iissue iis iunavoidable iin isensor-based 

isystems, iand iit imight inot ibe itolerated iby iBCIs. iFrom ithe iapplication ipoint iof iview, 

ismooth imanipulation iof ithe iBCI isystem iprovides ian iimproved iuser iexperience. iFor 

ithis ireason, ia iBCI isystem ishould ipreferably itranslate ibrain iactivities ito ithe ioutput 

iinformation icontinuously iwithout iinterruption. iAs imissing iinformation iis ia iclinical 

ireality, iin ithis iwork iwe ipreserve ithe iincomplete irecordings iwhich iare idiscarded iin 

iprevious iwork ito imaintain ithe iintegrity iof iEEG isignals. iThe iexperimental iresults ishow 

iour i2D iEEG imeshes iperform iwell iin idealing iwith ithe i“missing ireadings”. 

Up ito ithis ipoint, iwe iapply ithe isliding iwindow iapproach ito idivide ithe istreaming i2D 

imeshes iinto iindividual iclips ias ishown iin ithe ilast istep iof iFigure i1. iEach iclip ihas ia ifixed 

ilength iof itime iseries i2D idata imeshes iwith i50% ioverlapping ibetween icontinuous 

ineighbors. iThe idata imeshes isegment iSj iis icreated ias ifollows: 

Sj = [mt, mt+1 ... mt+S−1] 

where iS iis ithe iwindow isize iand ij i= i1, i2, i..., iq iwith iq isegments iduring ithe iobservation 

iperiod. iOur igoal iis ito idevelop ian ieffective imodel ito irecognize ia iset iof ihuman 

iintentions iA i= i[a1, ia2 i... iaK] i
T

 ifrom ieach iwindowed idata imeshes isegment iSj i. iThe 

irecognition iapproach itries ito ipredict ithe ihuman iintention iYt i∈ iA iperformed iduring 

ithis iwindowed iperiod. 
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3.2 Self-supervised learning on preprocessed raw EEG data 

In our work, a self-supervised vision transforms with DINO (self-distillation 
with no labels) is used for unsupervised visual representation learning with images. 
The DINO will be fed with preprocessed 2D mesh-like matrices of size 224×224. Even 
though the previous phase returns 2D mesh-like matrices of size 10×11, we appended 
an extra row of zeros to the top of the 2D mesh-like matrix model to balance the 
number of rows and columns in the matrix and that are being resized into three-channel 
images of size 330×330. The DINO has been trained and evaluated with the ImageNet 
dataset and since the sizes of ImageNet dataset images are considered 224×224, we 
also considered the same sized images by taking resized crops while taking image 
augmentations according to global and local crop scales. 

 

Figure 2. System architecture. 

Our DINO training was performed in three attempts. For our first attempt of  DINO 
training, we applied almost the same set of hyper-parameters (Table 1) that have been 
used for training ViT-S/8 with 21 million parameters except for the hyper-parameters, 
output dimension,  batch size per GPU, number of epochs, global crop scale, and local 
crop scale. In the original DINO training, 65536 was taken as the output dimension 
but for our case, we have taken the output dimension as 300. In addition, in the original 
DINO training, global and local crop sizes (figure 3) have been taken as [0.4, 1.0] and 
[0.05, 0.4] respectively, but for our work, we have taken them as [0.75, 1.0] and [0.5, 
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0.75] respectively. For the DINO training, augmentations of different sizes according 
to global and local crop scales should be taken and since we are training the DINO 
with synthetic images that are having vague visual representations, augmentations 
were taken that covers a larger portion of an image and the DINO original research 
paper, two globle and ten local crops were taken to train this specific varient of DINO, 
therefore we have also taken the same number of crops to train our DINO model. 
According to [11], by taking augmentations of images of EEG representations (2 
global resized crops and 10 local resized crops), the noises associated with EEG 
representations can be easily eliminated. It is because when training DINO, the model 
will give attention to the obvious visual representations while ignoring the noise 
associated with them. 

In attempt 1, DINO training was performed with a single GPU for up to 100 epochs 
along with the batch size of 8 per GPU while having the limitations accompanied by 
the training environment. At the end of the DINO training, the model will return a 
prototype, a number in-between the range of output dimension. In this attempt, we 
were taken output dimension as 300, so that, the model will return a prototype from 0 
to 299 for each input image. Actually, the output dimension is the feature dimension 
or the probability distribution of the output layer of DINO and prototypes will be 
derived by taking the index of the maximum arg value in the probability distribution. 



24 
 

 

Figure 3. Randomly generated global resized crops. 

 

Table 1. Comparison of default and our DINO hyper-parameters at attempt 1. 

Hyper-parameter name Default hyper-parameter Our hyper-parameter 

arch vit_small vit_small 

patch_size 8 8 

out_dim 65536 300 

norm_last_layer false false 

warmup_teacher_temp 0.04 0.04 

teacher_temp 0.07 0.07 

warmup_teacher_temp_epochs 30 30 
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use_fp16 false false 

weight_decay 0.04 0.04 

weight_decay_end 0.4 0.4 

clip_grad 3.0 3.0 

batch_size_per_gpu 16 8 

epochs 800 100 

freeze_last_layer 1 1 

lr 0.0005 0.0005 

warmup_epochs 10 10 

min_lr 1e-06 1e-06 

global_crops_scale [0.4, 1.0] [0.75, 1.0] 

local_crops_scale [0.05, 0.4] [0.5, 0.75] 

local_crops_number 10 10 

seed 0 0 

num_workers 10 10 

world_size 64 64 

ngpus 8 8 

nodes 8 8 

optimizer adamw adamw 

momentum_teacher 0.996 0.996 

use_bn_in_head false false 

drop_path_rate 0.1 0.1 

 

In our second attempt of DINO training, almost all the hyperparameters (Table 2) used 
in the previous attempt were considered but the architecture used for student and 
teacher models and number of epochs were changed. According to the DINO original 
paper, they used three flavors of vision transformer architectures for their training. 
Those three flavors are ViT/tiny, ViT/small and ViT/base. For this attempt, we used 
the smallest architecture among later mentioned three flavors of archictures, that was 
ViT/tiny. The training with ViT/small at the previous attempt, it was taken much 
processing time with its model complexity and at this attempt with ViT/tiny, we could 
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be able to reduce the processing time considerably while training the model with 300 
epochs. 

Table 2. Comparison of default and our DINO hyper-parameters at attempt 2. 

Hyper-parameter name Default hyper-parameter Our hyper-parameter 

arch vit_small vit_tiny 

patch_size 8 8 

out_dim 65536 300 

norm_last_layer false false 

warmup_teacher_temp 0.04 0.04 

teacher_temp 0.07 0.07 

warmup_teacher_temp_epochs 30 30 

use_fp16 false false 

weight_decay 0.04 0.04 

weight_decay_end 0.4 0.4 

clip_grad 3.0 3.0 

batch_size_per_gpu 16 8 

epochs 800 300 

freeze_last_layer 1 1 

lr 0.0005 0.0005 

warmup_epochs 10 10 

min_lr 1e-06 1e-06 

global_crops_scale [0.4, 1.0] [0.75, 1.0] 

local_crops_scale [0.05, 0.4] [0.5, 0.75] 

local_crops_number 10 10 

seed 0 0 

num_workers 10 10 

world_size 64 64 

ngpus 8 8 
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nodes 8 8 

optimizer adamw adamw 

momentum_teacher 0.996 0.996 

use_bn_in_head false false 

drop_path_rate 0.1 0.1 

 

In our third attempt of DINO training, almost all the hyperparameters (Table 3) used 
in the previous attempts (attempt 1 and attempt 2) were considered but the output 
dimension and number of epochs were changed. In our previous attempts, we 
considered 300 as the output dimension of student and teacher models but for this 
attempt, it was used as 10 and the training was conducted by 100 epochs. But the 
trained model of this attempt was not used in the further phases of the methodology 
pipeline because when we are reducing the feature dimensions of the student and 
teacher models, according to that, the feature learning of the models will be reduced 
as the models are not learning the details of the input images. 

Table 3. Comparison of default and our DINO hyper-parameters at attempt 3. 

Hyper-parameter name Default hyper-parameter Our hyper-parameter 

arch vit_small vit_tiny 

patch_size 8 8 

out_dim 65536 300 

norm_last_layer false false 

warmup_teacher_temp 0.04 0.04 

teacher_temp 0.07 0.07 

warmup_teacher_temp_epochs 30 30 

use_fp16 false false 

weight_decay 0.04 0.04 

weight_decay_end 0.4 0.4 

clip_grad 3.0 3.0 

batch_size_per_gpu 16 8 

epochs 800 100 
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freeze_last_layer 1 1 

lr 0.0005 0.0005 

warmup_epochs 10 10 

min_lr 1e-06 1e-06 

global_crops_scale [0.4, 1.0] [0.75, 1.0] 

local_crops_scale [0.05, 0.4] [0.5, 0.75] 

local_crops_number 10 10 

seed 0 0 

num_workers 10 10 

world_size 64 64 

ngpus 8 8 

nodes 8 8 

optimizer adamw adamw 

momentum_teacher 0.996 0.996 

use_bn_in_head false false 

drop_path_rate 0.1 0.1 

 

3.3 Prototype sequence generation 

In this phase, raw EEG sequences will be transformed into prototype 
sequences. In our work, we have considered the output dimension as 300 (as the output 
dimension of attempt 1 and attempt 2) and the prototype sequences that are generated 
will be in the range of 0 - 300. Figure 4 is a snapshot of the generated prototype 
sequences for raw EEG sequence that belongs to subject 1 (out of 109 subjects)  recode 
3 (out of 14 experiments) which is referring to the experiment of opening/closing right 
fist or opening/closing left fist at attempt 1. At this phase, by using the respective 
trained DINO model which belongs to its attempt, prototype sequences will be 
generated for each raw EEG data recording in the dataset which we considered. 
Therefore, at the end of this phase, we have both the raw EEG data recordings with 
their respective prototype sequences. 
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Figure 4. Snapshot of generated prototype sequence for subject 1 (out of 109 
subjects) recode 3 (out of 14 experiments) at attempt 1 

3.4 Masked language model on generated prototype sequences 

In our work, phase 3 generates prototype sequences for given raw EEG 
sequences. So when considering the prototype sequences generated in phase 3, they 
can be considered as a brand new language that can be considered a language 
synthesized by the human brain. Therefore, we trained a new masked language model 
that is a variant of the BERT (Bidirectional Encoder Representations from 
Transformers)[26] called RoBERTa (A Robustly Optimized BERT Pretraining 
Approach)[27]. In this phase, a RoBERTa tokenizer and a RoBERTa masked language 
model have trained with the configurations of vocabulary size as 52000, 15 percent 
mask randomness, optimizer as AdamW, and learning rate of 1e-4. 

3.5 EEG prototype sequence classification 

This is the final phase of our work, which consists of training a multiclass 
prototype sequence classifier using RoBERTa. The tokenizer and the masked language 
model that was trained in the previous phase was used in this phase, and a size four 
linear layer of size was appended to the top of the stack to derive the probability 
distributions for classifications. 
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4. MAIN RESULTS 
 

The main purpose of this research is to learn the hidden patterns of human brain 
activities by EEG raw data. For that, we trained self-supervised vision transformers 
with DINO to generate prototype sequences, and to validate the process along the 
phases 1, 2 and 3 which explaind at the methodology section above, we developed and 
trained a brand new masked language model and a sequence classifier as a downstream 
task. 
 
The training DINO in phase 2 was performed by 40,000 images. Those images were 
taken by preprocessing 3rd and 5th (out of 14 experiments) recodes of subject 1 (out 
of 109 subjects) and the training was done at three attempts. Figure 5, 6 and 7 show 
the performance of DINO training at attempt 1, 2 and 3 respectively. Since we are 
following self supervised learning at phase 2, we do not have a way to validate the 
performance of the trained DINO models using validation datasets at each attempt. 

 
Figure 5. Behaviour of train loss, train learning rate and train weight decay of DINO 
training at attempt 1 
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Figure 6. Behaviour of train loss, train learning rate and train weight decay of DINO 
training at attempt 2 

Figure 7. Behaviour of train loss, train learning rate and train weight decay of DINO 
training at attempt 3 
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Therefore, to validate our methodology (from phase 1 to phase 3 along the 
methodology pipeline), after training for 100 and 300 epochs respectively at attempt 1 
and 2, prototype sequences were generated and they were used to train a brand new 
masked language model and the multiclass prototype sequence classifier for respective 
attempts (only attempt 1 and 2 have been considered). Figure 8 and 9 shows the 
performance of the multiclass prototype sequence classifiers. 
 

Figure 8. Training and validating multiclass prototype sequence classifier at attempt 
1. 

 
Figure 9. Training and validating multiclass prototype sequence classifier at attempt 
2. 
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According to figure 8 and 9, BERT based trained multiclass prototype sequence 
classifier models got overfitted. That can be observed from the train loss was  reduced 
and the  train accuracy was increased by the training but the validation loss was 
increased and the validation accuracy showed constant behavior at both of the attempts 
(attempt 1 and 2). 
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5. CONCLUSION 
 
In this research, we propose a method for self supervised learning of EEG raw data to 
learn the hidden patterns of human brain activities. This work was performed through 
a pipeline consisting of five phases. Each of the phase’s output will be the input for 
the next phase. Phase 1 is for preprocessing raw EEG sequences into EEG 
representations that catch the spacial and temporal properties in the original raw EEG 
sequences. We have followed a relatively less complex method to preprocess raw EEG 
sequences. In phase 2, preprocessed raw EEG sequences will be learnt by self 
supervised representation learning. For that self supervised vision transformers with 
DINO will be used. These vision transformers models are computationally more 
demanding and require more training data therefore more computational resources and 
training data will be needed. So that at the presence of more training data and 
computational processing power, self supervised vision transformer architectures will 
be expected to produce the best results while outperforming supervised learning 
architectures. Then at the phase 3, sequences of prototypes for each raw EEG data 
sequence of the dataset will be generated. To evaluate the prototypes that are generated 
from raw EEG data, phase 4 and 5 have been used as the downstream task for the self 
supervised learning task. For phase 4 and 5, we agained used a transformer 
architecture, that is a BERT based model called RoBERTa to learn the synthetic 
language generated by phase 3 or to learn the context and the language of generated 
prototype sequences and by performing a muliti class prototype sequence 
classification, prototype generation for each representation at specific time stamp of 
raw EEG data sequence can be evaluated. We believe that since the models are 
computationally demanding and require more training data, the latter explained 
pipeline of five phases should be improved with more training and performing 
hyperparameter tuning at a high computational resources and data rich environment. 
As future works, phase 2 could be trained with different output dimension which 
ranges from smaller to larger feature dimensions as a task of hyperparameter tuning 
and  that may output prototypes which are more and more sensitive to raw EEG data 
sequences. In addition, our concept could be evaluted to test out whether different EEG 
datasets with different number of electrodes are supported with the involvement of 
spatio-temporal preserving representation of raw EEG data sequences. Finally, 
generalized prototypes which preserves spacial property can be used to represent any 
or domain specific raw EEG data sequences to support different tasks that are related 
to raw EEG data sequence feature learnings. 
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