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> Introduction
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> Core Formula

I Dirichlet Feature Projection

Time-Varying Predictive Embeddings
X =[xy, ..., xp] € REIXT
x; € A1
x;20, ¥ix;;=1

Dirichlet Assumption

X~ Dir(a), a=(ay, ...,
supp Dir(a) € A1
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MLE Projection P

Oyvig = argmaxZJT- logD(xj; a)
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a, = Y;a;: scale

a;: concentration of class i (T — prior to class i)
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Principles: 1. Temporal embeddings -> compact parameter «;
2. Accelerated MLE (fixed-point + Newton);

(T — low uncertainty)

IO Accelerated Dirichlet Estimation

Moment-Based Initialization
fi = (1/T) Z]xl] '2 = (1/T)Z](xl] - fl')z
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Fixed-point MLE
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Newton Iteration for y~1(v)
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ulMt = exp(v + 0.5) [v = —2.22]
ut=—1/(w+y) [v < —-2.22]

y: Digamma Y': Trigamma
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Convergence
Until: |Aall/||a| < 107* 5~10 iters/trial
Memory Buffer Update

If conf(pcar) = Teont AND  H(peqr) < Tent:
MJA’cal < MJA’cal U {aMLE} (FIFO)

I GMM-Driven Bayesian Inference

GMM Likelihood Modeling

pemm(@ly) = XX, N (a5 pyw, Zyk)

KT[yk—l T[yk>0

K : components pu, ¥: mean/std
Bayesian Posterior Calibration

Po(¥) = fo(s))
PealV|@mre) % pomm(@miely) © Do (V)

Final Calibrated Prediction
Veal = argmaxy, Peal(V|@miE)

Complete Pipeline

X = Genc(s) (Feature Extraction )
ayvie = P(X) ( Dirichlet Feature Projection )
Pemm (@mLelY) (GMM Likelihood )
Peal = Veal (Bayesian Calibration)
Idea

« @& depends on current trial
« GMM models historical distribution
+ gradient-free

3. GMM models the distribution of historical « ;
4. Bayesian inference fuses prior with historical evidence




> Experiments

Per-Trial Inference Time

Table 2: Average inference time (ms) on BNCI2014001.

Cross-Subject Adaptation Accuracy (BNCI2014001)

Table 1: Cross-subject adaptation accuracy (%) on BNCI2014001, with an asterisk(*) denoting the

iomifi 1 1 (% 0.05 Method | BN-adapt [39] Tent [42] PL[ZI] CoTTA [@4] SAR[3I TTIME[23] OTTA [d6] BTTA-DG
Slgl’ll cance leve ( 2 p< 3 ) Time | 5.1 184 17.8 23.0 32.5 18.5 19.5 15.7
Setting Method | S0 s1 s2 s3 sS4 S5 S6 s7 S8 Avg,
CSP [3] 8333 5208 9792 7500 5625 67.36 7222 8819 7153 73.77 - H H H H H
Source EEGNet 201 | 83.19 6028 9208 6792 5722 7250 6486 8611 7944 | 73.7341 1 SInC F|Iter Responses & D|r|Ch|et GMM Vlsuallzatlon
SincAdaptNet | 8497 6393 9768 77.13 5622 7268 6726 9386  79.56 | T7.0311m
BN-adapt 8497 6393 97.68 77.13 5622 7268 6726 9386 79.56 | 7T7.0311m 24m — Filter 1:3.1-7.9 Hz 9 {InterclassKLDIv>3185 '@ Lefthand
Tent [42] 7597  57.92 9451 6854 5222 6521 5938  90.14  68.19 | 70.23.30s \ L 5 - **' @ Right hand
PL 1] 7646  56.67  97.92 7034 5229 6632 6042 9389 7215 | T1.834s. 10 -1 Filter 13: 22.6.26.7 Hz T 1> fmor
Ouli CoTTA [44] 8500 63.68 9805 7632 5722 7208 67.64 9463 8048 | T7.241, 5 (1] Filtor 17: 29,7.33.9 Hz 7 i “‘.‘~’- ?.".;o""‘ﬁ
nline TTA 2 2z 84 ||/ —— Filter 21: 43.7-58.0 Hz et ®
SAR [31] 8424 6340 9736 7625 5472 69.10 6750  93.54 8028 | 76.271,.92 T [T ke 2, 538685 H ey
T-TIME [23] 8444 6194 9743 7611 5660 6938 6313 9465 79.38 | 75.9011.95 2 64 — Cumulative Response | g 6 7 - =gw & 2
OTTA 8443  63.60 97.14 7763 57.63 73.04 6644 9526 8314 | T7.58., .43 E 5 s nﬂpﬁﬁg A LOF
BTTA-DG 87.51* 66.67* 98.61* 77.08 57.64 7361 68.75% 0583*% 8264 | TB.T0%, 5, 41 1?1’.'&; "’&"’ P .
2 44 nidh b »w-gao 16.«
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Table 8: Ablation Study across settings and MI datasets. Mean =+ s.d. accuracy (%).

Method

BNCI2014001

BNCI2014002 BNCI2015001

SHU MI

Cross-session

cross-subject

cross-subject

cross-subject

cross-subject

Frequency (Hz)

Sinc Filter Rhythm Alignment Analysis

Table 6: Quantitative alignment of learned Sinc filter passbands with known MI-EEG rhythms on
BNCI2014001. Values denote, for each subject, the percentage (%) of filters whose passbands overlap

SincAdaptNet (Source Only) 80.62£2.70 75.304+1.82 76.40+£1.62 73.92+1.95 61.024+1.70 cach band.

BTTA-DG w/o EA 81.884+258 76.85+1.65 77.55+1.59 75.06+=1.88 61.90+1.68

SincAdaptNet + EA 82334262 77.034+1.31 78.05+248 7548+1.84 6242+£1.72 Frequencyband SO S1  S2 S3 S84 S5 S6 S7 S8 Avg

SincAdaptNet + EA + GMM 8247+259 Tr55+£1.35 T7825+£236 75.62+1.82 62.58£1.70 w (8-13 Hz) 24.17 2583 25.83 23.33 24.17 27.50 24.17 24.17 25.00 24.91

SincAdaptNet + EA + Dirichlet 84.04+2.55 77.61+1.43 788384+147 7636+1.78 63.24+1.78 B(13-30Hz) 3250 35.00 2833 28.33 43.33 2583 30.00 28.33 29.17 3120

BTTA-DG (Full Model) 86.50+2.49 78.70+1.32 80.29+1.07 77.92+1.76 64.06+1.92 7 (3045 Hz) 35.83 30.83 34.17 40.00 26.67 40.00 40.00 40.00 36.67 36.02
Other 7.50 833 11.67 833 583 6.67 583 750 09.17 7.87

+4%

Average Accuracy

78.70%

BNCI2014001 Cross-

Subject

80.29%

BNCI2014002 Cross-
Subject

Per-Trial Inference Time M+B+y Frequency Band

92.1%

Inter-Class Dirichlet

Coverage Divergence




> Experiments

Cross-Session Adaptation Accuracy (BNCI2014001)

Table 5: Cross-session adaptation accuracy (%) on BNCI2014001, with an asterisk(*) denoting the
significance level (*: p<0.05).

Setting Method | so S1 S2 S3 S4 S5 S6 S7 S8 | Avg.
CSp 88.19 54.17 97.22 6597 4861 70.14  68.06 94.44 90.97 75.31

Source EEGNet 86.81 63.54  94.65 7097 7292  68.61 73.26 93.47 9271 | 79.66+2.52
EEG Conformer | 87.92 58.75 97.15 7035 7583 6854  77.77 95.63 89.23 | 80.13+3.18
SincAdaptNet 84.69 56.64 9851 7032 8622 7206  82.47 97.54 9247 | 82.3312.62
BN-adapt 84.69 56.64 9851 7032 8622 7206  82.47 97.54 9247 | 82.33+2.62
Tent 80.35 51.18 99.03 57.92 6438 6222 6451 93.06 90.83 | 73.72+a.77
PL 7171 51.74  98.75 58.13 7528 6458  68.75 97.01 91.46 | 75931472

Online TTA CoTTA 85.63 5451 99.44 69.03 8646 7236 8271 98.33 93.06 | 82.39+2.83
SAR 86.32 55.00  99.24 71.11  86.11 7049  82.92 96.53 91.88 | 82.1812.99
T-TIME 78.40 54.03 98.33 69.79 8194 7049  80.69 97.50 91.53 | 80.30+3.42
OTTA 89.71 55.89 96.79 7242 9158  73.67 87.49 96.03 91.58 | 83.91+2.25
BTTA-DG 8542 6250 100.00* 76.39*% 91.67 77.78* 90.97 100.00% 93.75 | 86.50%; 49

Test-Time Adaptation under Online Class Imbalance

Table 9: Performance of BTTA-DG under varying online class imbalance ratios on the BNCI2014001
dataset. As imbalance increases, the model specializes, improving minority class accuracy.

Class Ratio (0 : 1) Accuracy Class 0 (%) Accuracy Class1 (%) Overall Accuracy (%)
1:1 77.01 £1.53 80.40 + 1.45 78.70 +1.32
1:0.75 74.07 +1.44 80.45 +1.34 76.81 +1.25
1:05 69.75 £+ 1.52 83.02 + 1.42 74.17 £1.28
1:0.25 64.67 = 1.18 85.19 - 1.64 68.77 +£1.19

2D Scalp Topography of Learned SpatConv Kernels

Scalp topographies of spatial convolution weights

Spat-Conv Kernel 1

Spat-Conv Kernel 2 Spat-Conv Kernel 3

0.2

ro0.1

r0.0

r—0.1

-0.2

BTTA-DG achieves the highest average accuracy of 86.50% in cross-session adaptation, maintaining strong robustness under online class imbalance.
learned SpatConv kernel topographies exhibit interpretable spatial attention patterns consistent with motor-related cortical regions.
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