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Introduction

BTTA-DG：

 Sinc-Based Adaptive Bandpass Filtering

Network

 Dirichlet Feature Projection

 GMM-Driven Bayesian Inference

Sinc-Based Adaptive Bandpass Filtering NetworkTest-Time Adaptation：
During model inference, adapt the model online

using only sequentially arriving unlabeled test
samples, enabling real-time calibrated prediction
without access to source data or target labels.

Challenges：
1. No source data；
2. No target labels；
3. Target samples arrive sequentially.



Core Formula

Ⅰ  Dirichlet Feature Projection Ⅱ  Accelerated Dirichlet Estimation Ⅲ  GMM-Driven Bayesian Inference

Time-Varying Predictive Embeddings
𝑿𝑿 = 𝒙𝒙1, … ,𝒙𝒙𝑇𝑇 ∈ ℝ ℒ ×𝑇𝑇

𝒙𝒙𝑗𝑗 ∈ Δ ℒ −1

𝒙𝒙𝑖𝑖𝑗𝑗 ≥ 0, ∑𝑖𝑖 𝒙𝒙𝑖𝑖𝑖𝑖 = 1

Dirichlet Assumption
𝑿𝑿~ 𝐷𝐷𝐷𝐷𝐷𝐷(𝜶𝜶), 𝜶𝜶 = (𝛼𝛼1, … ,𝛼𝛼 ℒ ) ∈ ℝ+

ℒ

supp 𝐷𝐷𝐷𝐷𝐷𝐷 𝜶𝜶 ⊆ Δ ℒ −1

MLE Projection  𝓟𝓟
�𝜶𝜶MLE = argmax

𝛼𝛼
∑𝑗𝑗𝑇𝑇 log𝐷𝐷 𝒙𝒙𝑗𝑗;𝜶𝜶

𝐷𝐷 𝒙𝒙𝑗𝑗;𝜶𝜶 = Γ 𝛼𝛼0
∏𝑖𝑖

ℒ Γ 𝛼𝛼𝑖𝑖
∏𝑖𝑖

ℒ 𝒙𝒙𝑖𝑖𝑖𝑖
𝛼𝛼𝑖𝑖−1

𝛼𝛼0 = ∑𝑖𝑖 𝛼𝛼𝑖𝑖: scale            (↑ → low uncertainty)

𝛼𝛼𝑖𝑖: concentration of class 𝑖𝑖 (↑ → prior to class 𝑖𝑖)

(a) vs (b) vs  (c): 𝛼𝛼0 ↑ |     (b) vs (d): 𝛼𝛼𝑖𝑖 ↑

Moment-Based Initialization
𝑥̅𝑥𝑖𝑖 = 1/T ∑𝑗𝑗 𝑥𝑥𝑖𝑖𝑖𝑖 𝜎𝜎ᵢ2 = 1/T ∑𝑗𝑗 𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑥̅𝑥𝑖𝑖

2

𝛼𝛼0init ≈ 1/ ℒ ∑𝑖𝑖 𝑥̅𝑥𝑖𝑖 1 − 𝑥̅𝑥𝑖𝑖 /𝜎𝜎ᵢ2 − 1

𝛼𝛼𝑖𝑖init = 𝛼𝛼0init · 𝑥̅𝑥𝑖𝑖

Fixed-point MLE
𝛼𝛼𝑖𝑖new = 𝜓𝜓−1 𝜓𝜓 𝛼𝛼0old + 1/T ∑𝑗𝑗𝑇𝑇 log𝑥𝑥𝑖𝑖𝑖𝑖
𝛼𝛼0new = ∑𝑖𝑖 𝛼𝛼𝑖𝑖new �𝜶𝜶MLE = 𝜶𝜶new;  

Newton Iteration for 𝝍𝝍−𝟏𝟏 𝒗𝒗

𝑢𝑢new = 𝑢𝑢old − 𝜓𝜓 𝑢𝑢old − 𝑣𝑣 /𝜓𝜓′ 𝑢𝑢old

𝑢𝑢init = exp 𝑣𝑣 + 0.5 𝑣𝑣 ≥ −2.22
𝑢𝑢init = −1/(𝑣𝑣 + 𝛾𝛾) 𝑣𝑣 < −2.22
𝜓𝜓: Digamma          𝜓𝜓𝜓: Trigamma

Convergence

Until: Δ𝛼𝛼 / 𝛼𝛼𝑜𝑜𝑜𝑜𝑜𝑜 < 10−4 5~10 iters/trial

Memory Buffer Update

If 𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄 𝑝𝑝𝑐𝑐𝑐𝑐𝑐𝑐 ≥ 𝜏𝜏conf AND 𝑯𝑯 𝑝𝑝𝑐𝑐𝑐𝑐𝑐𝑐 ≤ 𝜏𝜏ent:
𝑴𝑴�𝑦𝑦cal ← 𝑴𝑴�𝑦𝑦cal ∪ �𝜶𝜶𝑀𝑀𝑀𝑀𝑀𝑀 𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅

GMM Likelihood Modeling
𝑝𝑝GMM 𝜶𝜶 𝑦𝑦 = ∑1𝐾𝐾 𝜋𝜋𝑦𝑦𝑦𝑦𝒩𝒩 𝜶𝜶;𝝁𝝁𝑦𝑦𝑦𝑦 ,𝜮𝜮𝑦𝑦𝑦𝑦
∑1𝐾𝐾 𝜋𝜋𝑦𝑦𝑦𝑦 = 1, 𝜋𝜋𝑦𝑦𝑦𝑦 > 0

𝐾𝐾 : components   𝝁𝝁, 𝜮𝜮 : mean/std

Bayesian Posterior Calibration
𝑝𝑝𝜃𝜃 𝑦𝑦 = 𝑓𝑓𝜃𝜃 𝑠𝑠 )
𝑝𝑝cal 𝑦𝑦 �𝜶𝜶MLE ∝ 𝑝𝑝GMM �𝜶𝜶MLE 𝑦𝑦 · 𝑝𝑝𝜽𝜽 𝑦𝑦

Final Calibrated Prediction
�𝑦𝑦cal = argmax𝑦𝑦 𝑝𝑝cal 𝑦𝑦 �𝜶𝜶MLE

Complete Pipeline

𝑿𝑿 = 𝑔𝑔enc 𝒔𝒔 (Feature Extraction )
�𝜶𝜶MLE = 𝒫𝒫 𝑿𝑿 ( Dirichlet Feature Projection )
𝑝𝑝GMM �𝜶𝜶MLE 𝑦𝑦 (GMM Likelihood )
𝑝𝑝cal → �𝑦𝑦𝑐𝑐𝑐𝑐𝑐𝑐 (Bayesian Calibration )

Principles：

Idea
• �𝛼𝛼 depends on current trial
• GMM models historical distribution
• gradient-free

2. Accelerated MLE (fixed-point + Newton)；
3. GMM models the distribution of historical 𝜶𝜶 ；
4. Bayesian inference fuses prior with historical evidence

1. Temporal embeddings -> compact parameter 𝜶𝜶；



Experiments

Cross-Subject Adaptation Accuracy (BNCI2014001)

Sinc Filter Responses & Dirichlet–GMM Visualization

Ablation Study (Across 4 Datasets)

Sinc Filter Rhythm Alignment Analysis

μ+β+γ Frequency Band 
Coverage

KL>31
Inter-Class Dirichlet 

Divergence

+4%
Average Accuracy

78.70%
BNCI2014001 Cross-

Subject

80.29%
BNCI2014002 Cross-

Subject

15.7ms
Per-Trial Inference Time

92.1%

Per-Trial Inference Time



Test-Time Adaptation under Online Class Imbalance

Experiments

2D Scalp Topography of Learned SpatConv Kernels
Cross-Session Adaptation Accuracy (BNCI2014001)

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