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INTRODUCTION RESULTS

In this work, we use deep learning for cross-dataset transfer learning in mental imagery decoding classes = f-rh classes = Ih-rh classes = all Right-hand vs feet - AUC score
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Our transfer cross-validation procedure 1s: for every pre-training dataset and test dataset pair, Right-hand vs left hand - AUC score
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*lh-rh: Lee2019 by a large margin.
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B. Calibration phase - on the test dataset
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S e FRAMEWORK DISCUSSION
Target S‘Smai" =8 h h =T i i = Deep learning-based cross-mental-imagery-dataset transfer works well, even simple pipelines;
_ | LN Frozen Linear ; i Open-source libraries ecosystem p g gery : ple pip :
testp train . 2 [ embed.dlng :> classifier i % . .
R e e L e E ) et M7 " oss-entropy = The infrastructures are there to effortlessly share and reuse models;
' EEGsignals | ' redicted Ia | : : o : :
: ,Ln?i : Embedding rredicted Iat;—\] = ) = We must make it a standard practice within the BCI community to share our pre-trained models;
' : — vectors
Kept for ; %ﬁ, C BCI Datasets L BRAINDECODE = Using pre-trained models allows for fast prototyping;
.;;t;;,'gf't};{n'i.‘,;,' = Using pre-trained models lowers the threshold for new studies (data size needed);

examples

BCI

: = Both our method and workflow can be used on other paradigms than mental imagery and other
~ ) 4 ) 4 N types of transfer than cross-dataset.
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= ref: right elbow flexion " L tongue 2] Lawhern et al. (2018) J Neural Eng doi:10.1088/1741-2552/aace8¢
" rh: right hand " wa: word ass 3] Jayaram & Barachant (2018) J Neural Eng doi:10.1088/1741-2552/aadea0
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GitHub / GitLab: PierreGtch
Lab: https://neurotechlab.socsci.ru.nl/ (QR-code)
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= Neural network architecture: EEGNet [2]; : import torch Full notebook: £

D #ubi s#trials cl S from huggingface_hub import hf_hub_download %
ataset subjects irials classes =Training and testing on 12 mental imagery ) from braindecode.models import EEGNetv4 @
AlexMI 8 20 frrh . . (7}
" datasets from the MOABB library [3]. : ®

BNCI2014001 10 288  f,lh,rh,t Y : path = hf_hub_download( 2
r N r : id=’Pi ) =

BNC12014004 10 1800 Inrh (@B A : giﬁzagie-?ézggziszh[EESE?SV:II}model params.pkl’) T‘
. . . = — - . . 0

BNCI2015001 13 400 frh CLASSES () <« S K@R CH <« O PyTOI’Ch net = EEGNetv4(3, 2, 385).eval() 5
BNCI2015004 10 160 f,n,rh,s,wa Q . net.load_state_dict(torch.load(path, map_location="cpu’)) c
Cho017 53 100 Thih = bh: hands = rhe: right hand close o ? \_ A ) \_ ) g
0 R§ N~ A A 2

" f: feet = rhif: right hand left foot r— - - 2

Lee2019 MI 0 h.rh : D & iiiirsssssssssssssesssss . . S e et . I=
ee2019_ 55 00 NG = lh: left hand « rho: richt hand (- p S . . o
r,ree,ref, rho: right hand open — (O V V V : =

Otner2017 15 60 = lhrf: left hand right foot _ , O ( N\ : o
rhe,rho,rp,rs = rp: right pronation o - ,,/ =

: " n: navigation oo ) : =
PhysionetMI 109 23 bh,flh,r,rh o = rs: right supination g ~ Hu ggln g Face o T TP PP PP PP PP TTTTPPPPP PP Pe . REFERENCES 8
Schirrmeister2017 14 f,1h,r,rh r: rest . , : e . . §
- ree: right elbow extension " s: subtraction \ y (1] Guetschel et al. 2022 IEEE MetroXRAINE doi:10.1109/metroxraine54828.2022.9967496 S
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