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LUNDBECKFONDEN

Summary EEG conversion SO nEUEIRENS
Problem statement IdteLa![co?version - " . ) U > .o |U SupferliorI pey]:‘.ornjance in E(-;G qnalysr]is on unseen sukbjlectsff. .
; . . . e eegs . . = Latent representations contain specialized information o .
» EEG datais noisy and variable across subjects, making it difficult to extract generalizable signals™. about subp'ects and tasks Converzion IS possible b X 2 E;Eec’iiszszlelfst;?wgtaéé%rigfééps?oogacSrLcl)zjsef/ta?igﬂ:&:elgaar?gls cation from EEG data
= Akey aimin EEG analysis is to extract the underlying neural activation (content) while accounting UL SUD) . ' P y M I—>» ;7o |M . . . . . .
for individual subject variability (style) switching respective latents from samples a and b. X = Quadruplet permutation without contrastive learning obtains highest task classification accuracy
= We hypothesize that the auxiliar task of optimizing EEG signal conversion between tasks and " Asuccesstul conversion (illustrated for task conversion) A and (D.s., D.t) conversion.
nyp . . y P 5 Bl . IS decoded from subject latent U and task latent N V —> ;60 |V
subjects requires the learning of latent representations explicitly accounting for content and style. . . - . Model Sacc%  TrS.acc% Tacc%  SkTacc%  (S.s.S.t) (D.s.D.t) (D.s.S.t) (Ss.D.t)
vielding a converted signal X representing X
SUbjECt U performing task N 5 CSQLP-AE /76.10+0.76 43.36x046 46.17/+0.25 7647+046 1.91+0.08 6.90+0.05 3.43+0.05 3.94+0.16
Method ' NT—>» 7 [N SQLP-AE 69.26+0.50 46.86+1.35 44.80+0.77 69.60+0.25 1.48+0.05 6.44:0.03 2.87:+0.10 2.97+0.05
= A novel contrastive split-latent permutation autoencoder (CSLP-AE) framework is proposed that Conversion schemes CSQP-AE 73.04+0.50 3589+042 4483+021 71.56+064 6.20+012 7.00:008 6.60+011  6.59+0.10
directly optimizes for EEG conversion. . . . . . SQP-AE 73.44+033 43.92+0.29 70.42+039 558007 6.49:004 6.07:004  5.99:0.06
Y Op . . . . . . = We define four conversion schemes denoting which latent representations are used for the 2 : t.c0 48.88+0.13 : : : : :
= The split-latent representations are guided using contrastive learning to promote the latent splits Conversion CSLP-AE 80.32:0.28 45.41+037 48.48+0.34 7964+037 4.21:012 2006%010 580+015 6.65+0.23
to explicitly represent subject and task. ' . . : P-A 74 74 47.23:031 47 2 747007 2+0.04 19.92+0.1 12+0.0 02
PUCILY TEP J = S.s.and D.s. denote same and different subject, respectively. PLPAS 5320 ©3:0.3% 470032 7472073 38e:00% 19922040 61209 >De0
. . - + + + + + + + +
Main conclusions = St and D.t. denote same and different task, respectlvely. C-AE 79.42+048 37.34+045 46.59+0.23 73.27+0.25 4.28+0.06 20.28+0.0/7/ 11.33+047 10.64+0.30
. . . . _ - SUbjECtS are shown as colors and tasks are shown as shapes. AE 60.68+0.16 31.62+0.27 31.43+0.28 61.08+0.38 3.54+0.12 20.82+0.07 11.20+0.32 10.74+0.48
= (CSLP-AE provides favourable generalizable subject and task characterizations compared to L 7882+046 3765+054 4536+037 71.70+0.55
supervised, unsupervised and self-supervised (contrastive) learning frameworks. (S.s. S.t): Targettask: A TargetSubject (D.s. S.t): Targettask: A Target Subject CE 79.25+0.37 35524038 45224023 64.73+0.44
= The DI'OCEC'UI'E also enables .ZEFO'ShOt conversion DEtween_ unseen SUDJ?CtS' _ Subject latent space Task |atent space Subject latent space Task latent space CE(1) 4580024 44.27x0.59
= The proposed CS_LP-AE provides a general fram.ew.o.rk for signal conversion and extraction of /Am /Am csp 35224011 69.89+0.10
content (task activation) and style (subject variability) components. A A
N
A A . . : .. .
Aa A AA A Generalizable EEG conversion for unseen subjects| Competitive out-of-domain performance
A AAAAA Target Subject: 26, Target Paradigm: ERN, Channel: FCz With Only Slight degradation in
: (S.s. D.t) (S.s. D.t) continuous domains
CSLP-AE model architecture ER/incorrect ERN/Correct
(S.s., D.t): Targettask: A Target Subject (D.s., D.t): Target task: A Target Subject .. .. Model EEGMMI SleepEDFx
CNN/Transformer-based autoencoder with split latent space: Sgbiec“ate"tspace Task latent space Sgbieﬁ'atemspace Teskclatent space - w0 CSLP-AE (this work) 64.28+016 75.16+0.95
= Latent space split into subject (z%) and task (z7) spaces. >Ame R e o] — ] = C-AE (this work) 0183041 75.162086
= Consists of ConvBlocks and a Transformer bottleneck. ©im o ©im 0. 0. SLP-AE (this work) >/93£056  70.59:1.18
4 AAA A - - - EEGNet (Wang et al.2) 65.07
R e-LsAfhf - A Al iirii l A : A A A -0.6 -0.4 -0.2 0.0 0.2 04 -06 -0.4 -0.2 0.0 0.2 0.4 Real :
C Encoder EEG Auto-encoder with Split Latent Space Decoder A AA A Time (s) Time (s)  CSLP-AE f-Ctrans (Xie et al.3) 64.22
onvBlock A A A A —— SLP-AE
v A (D.s., S.t.) (D.s., S.t.) i CNN (Dose et al.4) 58.59
- - ERN/Incorrect ERN/Correct c
Conv1d, k=1 EEG Reconstructed EEG | Conv1d, k=1 XSleepNet2 (Phan et al.?) - 84
C: 30 — 256 MW : C: 256 — 30 20 4 40 4 7hu et al 6 828
23, o= v A . .
Conv:dF’z:LS’ p=1 S S i i o 207 o 20- SeqSleepNet (Phan et al.?) 82.6
+ InstanceNorm e ‘ ' " | ” " S Spllt-lat.ent.permUtatlon : : : V’“\N\:;\% W‘/\b“‘“ SleepTransformer (Phan et al.8) 81.4
pomssnese i v A T = Sampling is performed such that each batch contains a pair of samples for each subject and for each
5 | . . 3 20 20 AttnSleep (Eldele et al.9) 81.3
: convBlok §X4 Encoder Decoder TranSpO;edCOHV §X4 task. : : : - : —06 -04 -02 00 02 04 -0.6 -04 —-02 00 02 0.4 SleepEEGNet (Mousavi et al.19) - 80
; 7 | . 5 = [or same-task pairs the task latent representations are swapped during training, while for same- Time (s) Time (s)
 [CstridedConv_| | | T | [ SemBlesk | subject pairs the subject latent representations are swapped.
o RelU T P ] TS | P | Split-latent permutation Split-latent permutation Contrastive learning is required for specialized latent spaces
+ InstanceNorm Transformer L > T > Transformer Same task-pairs Same subject-pairs = Structural encoding in dup]icated latent spaces.
#Layers: 4 #Layers: 4 MSE MSE i . . . .
v 1 * Quadruplet permutation loss is an alternative to contrastive learning.
. i i : i £ Model: SLP-AE | Model: C-AE | Model: CSLP-AE |
SPI  Boffleneck Ur—>1 6 |U Ul: Ur—> %9 |U U S. space colored by S. —
~» ConvBlock —>» ConvBlock X" X9 X" X(8:4) : Color by S.
Conv1d, k=1 MI—>» 79 |M M. M——» 79 |M M ©® Subject5
. Subject 14
— —» ConvBlock < @) ConvBlock ConvBlock %?—) . Subject 15
V —» S |V V|- UL—» -s» |U U Subject 20
‘| ConvBlock —)@ » ConvBlock X X(Tb) |- X X(8.0) guzj:ec: ;g
. Q ubjec
M 7D M M N> 70 [N _IN Subject 26
- - - - . . " Subject 29
Dual-component loss objective balancing reconstruction and contrastive learning [ | [ | R
MSE MSE
L(X,Z) = |Lip(T; X% XP) + Lip(8; X% XP)| + a|Lopp(ZGD,ZGP)) + Loy 1p(Z202), 20D Quadruplet permutation loss Eolorby T
= MSE-based latent permutation loss for both subject (§) and task (77) permutation. e >za - o _eg Task 0: ERN/Incorrect
N RIDIEAS U Eh 1-,%; £ - e 7o Task 1: ERN/Correct
b 1 a <vLa) 2 b <(Lb) 2 ] A [ i LS 60 L S TR e “his S o Task 2: LRP/Contralateral
Lip(£;X9,XP) = Nz (HX]- - X , + HX,- - X HZ) Quadruplet permutation - T - S T AR Y % Task 3: LRP/Ipsilateral
. . . Z(8.b . T : ;r’,-'.:‘..-i;‘}.',-i . B " it R} J : J »\ ”.'.. e . .
=1 = The batch is sampled to contain four samples each with a X & S e  Tegaiit! & e MM
= Contrastive learning using multi-class N-pair temperature-scaled symmetrical cross-entropy loss. combination of tasks M and N and subjects U and V. 1 [ M BRE e e ’ gl ® Task 6: N2pc/Contralateral
. = No direct pathway from conversion (output) to sample (input). ” Y et E ok . gl Task 7: N2pc/lpsilateral
P exp(sim(zy, z;) /1) P y T (output) ple (input) Lo = ol T e AN v ag o Task 10: N400/Unrelated
LnT—xent(Z',Z", k) = —log = (Quadruplet loss consists of four terms for each latent space. X Xe ey p .
NT Xent ) ) K . / 17 NL—> 7o [N N = ¢ L Il : Task 11: N400/Re|ated
ZiZl H[iik] exp(mm(zk, Z; )/T) = Task 12: P3/Rare
1 K Vs o0 [V v Task 13: P3/Frequent
A 7B\ _—_ A 7B B 7A d X
Lenip(Z9,2°) = EE(LNT—Xent(Z 25, k) + Lr—xent (Z2, Z4, k) e I X
k J &L
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= Parameter a controls the trade-off between optimizing for conversion or specialization of the
latent space. Here, we focus on the case of a = 0 (pure permutation loss, SLP-AE) and a = 1 (equal
contribution).
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