Memory-aware Optimization of Mass-univariate EEG Statistical Inference

Accelerating statistical inference in the Neurophysiological Biomarker Toolbox using data layout optimization, vectorization, and native execution
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1j Motivation I3 Benchmarking Setup 3 Cache Behaviour

Electroencephalography (EEG) measures electrical brain activity and is widely Each benchmark run uses a synthetic EEG dataset with configurable numbers of subjects, sources, Cache metrics change only modestly, even though runtime improves by orders of magnitude, so the speedup is not explained
used in neuroscience research and clinical studies of neurological disorders. frequency bands, and biomarkers. In the benchmark grid, the subject count ranges from 4 to by cache hit-rate improvements alone. The optimized implementations are much less sensitive to biomarker growth because
4096, the number of sources is fixed at 100, the number of frequency bands is fixed at 11, many tests are processed inside larger compiled kernels. At higher biomarker counts, the Rust backend often benefits most

The Neurophysiological Biomarker Toolbox (NBT) supports EEG biomarker

: L. : . and the biomarker count ranges from 1 to 64. All configurations use an unpaired t-test and are from the improved layout, but the vectorized python implementation is not far behind.
analysis, where many statistical tests are applied across biomarkers frequency
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Contiguous data also makes it easier for compiled kernels to use SIMD
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parallel execution, while the vectorized Python version gains Native kernels expose more regular loops for vectorized floating-point execution.

tiguous work to compiled kernels. This increases SIMD
density, because more operations can be executed as vector-

tests become cache-friendly, SIMD-friendly, and easier to parallelize.
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Figure 1: Speedup of the vectorized Python implementation Figure 2: Speedup of the native Rust backend relative to the

relative to the baseline. The largest gains occur for small subject  baseline. Rust achieves the highest overall speedup and remains

The baseline layout stores biomarker values contiguously, but this is poorly

aligned with cohort-based testing. Reading all subject values for one test from NumPy’s native kernels.

Baseline runtime scales mainly with biomarker count. Since each additional biomarker adds another
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Two optimized implementations were developed and compared against the replacing rrrany small Python—lff:\f'el calls .W'lth larger batched NumPy kernels, which removes most jbasehne ox.ferhead a'un.d

.. : : s : 01 85 T o — et makes runtime much less sensitive to biomarker growth. Rust adds further speedup through native execution, explicit
original NBT baseline. The first remains within Python and improves how | , | T | , , L , , L .

20 51 52 5 2 55 -6 memory-layout control, and parallelization, but the main bottleneck is already reduced by vectorization and batching.

the workload is expressed using NumPy. The second moves the performance- Somark .
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critical computation into a native Rust backend to evaluate the benefit of Future work: Finer profiling, handwritten SIMD, additional statistical tests, and GPU acceleration.
compiled execution and explicit parallel control. Figure 3: Runtime scaling with biomarker count. The optimized implementations show much weaker growth than the baseline.



