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Abstract— Rack-stand brain-computer interfaces (BClIs) re-
main the dominant platform for exploratory and clinical BCI

research, yet their CPU behaviour is poorly understood [1]-
[7]. We characterise four rack-stand BCI pipelines—seizure
detection [8], movement intent [9], speech decoding [10], and
neural-data compression [11]—using peer-reviewed implementa-
tions and redistributable datasets on a commodity x86 CPU.
Using offline replay of recorded neural streams, we com-
bine end-to-end runtime across three core-frequency operating
points with phase-aware Top-Down execution-time and memory-
boundedness breakdowns [12]. The results show that rack-stand
BCIs do not form a single bottleneck category, that channel
count can change CPU demand by about 3%, and that a single
“memory-bound” label is too coarse because different cache and
memory levels dominate in different stages.

1. INTRODUCTION

Brain-computer interfaces (BCIs) connect neural activity to
computers and machines [1], [2]. Motivated by BCI successes
and computational needs, computer architects have proposed

at the CPU microarchitectural level, limiting principled tuning
and co-design.

II. WORKLOADS AND METHODOLOGY

We replay pre-recorded datasets on a 10-core Intel ES5-
2640v4 x86 CPU, pin each workload to a single hardware
thread, and instrument phase boundaries in the released code.
We collect runtime and instruction count and use Top-Down
Performance Analysis to attribute execution slots and memory
stalls [12]. Figure 1 summarises end-to-end runtime at three
core-frequency operating points: 2.4, 1.8, and 1.2 GHz. In
our experiments, lowering core frequency also lowers uncore
frequency to the same point. Figure 2 summarises highlighted
phases at the default operating point with two stacked bars
per phase. The left stacked bar shows the execution-time
breakdown. In Top-Down analysis, Backend Bound is split
into Core Bound and Memory Bound. The right bar breaks
down Memory Bound into L1, L2, L3, DRAM, and Store.

. r‘Seizqre r‘Seizu_re Neuropixels
processors and systems for implanted and wearable BCIs [3], (o ts o U Compreesion

[4]. Rack-stand BCIs, by contrast, are mobile external stations
with acquisition and compute hardware, a display, and a power
supply that interface with implanted electrodes [5]-[7]. They
sit adjacent to the subject [5], [6].
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increasing compute load. Heat dissipation and acoustics matter
because the compute system operates near patients and staff
in the operating room. For example, in some intraoperative
microelectrode-recording workflows, neural activity is con-
verted to audio during electrode placement [13].

We study four representative invasive rack-stand workloads
built from peer-reviewed implementations and redistributable
datasets: seizure detection [8], movement intent [9], speech
decoding [10], and neural-data compression [11]. These work-
loads span different sensing targets and algorithmic struc-
tures. Some stages apply the same computation across signal
channels or time windows, whereas others are dominated by
spectral analysis, graph search, or compression. Yet end-to-
end rack-stand BCI pipelines remain largely uncharacterised

)
Core Frequency [l CF2.4 [l CF1.8 [l CF1.2

Fig. 1. End-to-end runtime for the six configurations at core frequencies of
24, 1.8, and 1.2 GHz.

Seizure Detection processes overlapping 0.5 s intracranial
electroencephalography iIEEG) windows from implanted elec-
trodes through spatial encoding, temporal encoding, classi-
fication, and postprocessing [8]. A channel is one recorded
neural-signal stream, so Figure 1 compares the full 56-channel
input with a reduced 16-channel subset. Figure 2 highlights
Spatial, the dominant phase that converts per-channel voltage
samples into channel-specific hypervectors [8]. Movement In-
tent partitions trial windows, estimates the fractal background
via irregular-resampling auto-spectral analysis (IRASA), com-
putes spectra, averages across trials, and subtracts the fractal
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Fig. 2. Phase-aware Top-Down execution-time and memory-boundedness breakdowns for the highlighted workload phases.

component [9]. Figure 2 highlights /RASA, the dominant
phase in that pipeline [9]. Speech Decoder smooths and nor-
malises neural features, runs recurrent-neural-network (RNN)
acoustic-model inference, and then performs weighted finite-
state-transducer (WFST) beam search [10]. Figure 2 highlights
Infer and WFST Decode to separate inference from graph
search. Neuropixels Compression divides multichannel voltage
traces into fixed-duration chunks and compresses them with
either FLAC or ZSTD [11]. Figure 2 highlights Compress for
both codecs [11].

III. RESULTS

A. Runtime and Channel Count

Observation #1: Channel count is a first-class perfor-
mance axis.

Figure 1 compares end-to-end runtime for six configurations
across three operating points. Lowering the operating point
increases runtime in every case, but the clearest difference
is between the two Seizure Detection channel counts, not
among the operating points. Seizure Detection shows a large
gap between 56-channel and 16-channel execution at all three
points. At the default operating point, reducing channels from
56 to 16 decreases instruction count from 30 trillion to 9
trillion and runtime from 1 hour 17 minutes to 27 minutes.
Channel count is therefore a first-class performance axis for
rack-stand BClIs. It materially changes CPU demand and must
be explicit when workloads are compared or provisioned. Be-
cause many channel-parallel stages apply similar computations
independently across channels, channel count is also a useful
scaling dimension for future SIMD, multicore, and batching
studies. Figure 1 also shows a stable runtime gap within
compression, with ZSTD faster than FLAC at all three points.

B. Heterogeneous Bottlenecks Across Pipelines

Observation #2: Rack-stand BCIs do not form a single
bottleneck category.

Figure 2 is the main architectural result. The two stacked
bars separate execution-slot breakdown from memory-stall
composition, and the highlighted phases do not look like
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one workload class. Seizure Detection/Spatial is compute-
dominant: the execution-time breakdown is dominated by Re-
tiring, and the Memory Bound portion is negligible. Movement
Intent/IRASA is more mixed, with substantial Frontend Bound
and Backend Bound slots and memory pressure spread across
L1, DRAM, and Store. Speech Decoder already contains two
CPU behaviours within one pipeline. Infer is backend-heavy
with moderate memory stalls, whereas WFST Decode is the
most memory-latency-heavy stage, with substantial L3 and
DRAM pressure and non-trivial Frontend Bound and Bad
Speculation. Neuropixels Compression/Compress shows mod-
erate memory pressure with visible L1 and Store components,
and FLAC and ZSTD do not share the same stall profile.
Rack-stand BCIs therefore should not be treated as a single
bottleneck category.

C. Memory-Bound Is Too Coarse

Observation #3: “Memory-bound” is too coarse.

The right-hand stacked bars of Figure 2 show why backend
pressure must be qualified. Backend Bound is the sum of Core
Bound and Memory Bound, and Memory Bound does not have
one universal shape. Movement Intent spreads pressure across
L1, DRAM, and Store, with little L2/L3 contribution. WFST
Decode concentrates stalls in L3 and DRAM, exposing read-
side miss latency. The compression phases show a different
mix, with visible L1 and Store components and smaller
L3/DRAM terms, while Seizure Detection stays near the floor.
Even when phases are backend-pressured to some extent, the
dominant cache and memory level changes across stages.

IV. CONCLUSION

Rack-stand BCIs remain CPU-centric systems that must
support diverse pipelines under portability, thermal, and acous-
tic constraints. Across four representative workloads, the high-
lighted phases span compute-dominant, mixed, and distinct
L1/Store versus L3/DRAM behaviour, while channel count
changes CPU demand by about 3x. These results motivate
phase-aware characterisation and make channel count explicit
in future workload representation and provisioning.
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