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Abstract—Invasive brain—-computer interface (iBCI) enables
direct interaction between the brain and external devices by
decoding neural signals. However, cross-day variations in neural
signal distributions degrade decoding performance, requiring
frequent recalibration with labeled data and limiting long-term
usability. Moreover, traditional artificial neural networks (ANNs)
used for decoding are energy-intensive, posing challenges for
future edge computing and deployment in iBCI systems. To
address these issues, we propose a stable and energy-efficient
iBCI decoding framework based on a sequential variational
autoencoder (seqVAE). Our approach combines multi-day pre-
training with a lightweight bias-based unsupervised alignment
module, enabling reliable cross-day generalization using only 60 s
unlabeled neural data. We further develop an SNN-compatible
implementation by incorporating LIF spiking neurons into all
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core modules to enable low-power inference. Evaluations on
two non-human primate datasets show that our framework
achieves more stable cross-day behavioral decoding than existing
unsupervised baselines, and the spiking variant reduces the
estimated computational energy by over 50%, highlighting its
potential for future neuromorphic iBCI applications.

Index Terms—Invasive brain—-computer interface (iBCI), cross-
day decoding, unsupervised alignment, spiking neural networks
(SNNs).

I. INTRODUCTION

iBCI decodes neural signals from the cerebral cortex for
neuroprosthetics and motor rehabilitation. Despite advances
in decoding algorithms and acquisition technologies [1]-[3],



long-term stability remains a critical challenge due to inter-
day shifts in neural signal distributions caused by electrode
drift, tissue response, and neural plasticity [4]-[8].

Supervised adaptation methods [1], [9]-[11] often rely on
large pre-trained models and labeled data from new sessions,
limiting real-world applicability. Unsupervised alignment ap-
proaches [12], [13] reduce labeling dependence but typically
use energy-intensive ANNSs, hindering deployment in power-
constrained iBCI systems.

SNNs offer event-driven, low-power computation compati-
ble with neuromorphic hardware [14], yet their potential for
stable cross-day decoding remains unexplored.

We present a decoding framework that integrates unsuper-
vised alignment and energy-aware design. Using multi-day
pre-training and a lightweight bias-based alignment module,
we achieve cross-day generalization with only 60s of unla-
beled data. The core modules are converted to SNNs with LIF
neurons, enabling low-power inference. Evaluations on two
non-human primate datasets show stable decoding and over
50% estimated energy reduction.

Our main contributions are:

o A lightweight unsupervised alignment framework based
on seqVAE, enabling cross-day generalization with min-
imal unlabeled data.

e Validation on two non-human primate iBCI datasets,
showing improved cross-day decoding over existing base-
lines.

e An SNN-compatible implementation of core modules
with LIF neurons that preserves latent manifold conti-
nuity while reducing energy cost.

o Energy estimation demonstrating over 50% reduction,
highlighting suitability for power-constrained iBCI sys-
tems.

II. RELATED WORKS
A. Unsupervised Cross-day Decoding

Degenhart et al. explored cross-day neural decoding through
a linear subspace alignment approach, demonstrating strong
robustness to severe electrode drift in multiple experiments of
non-human primate [15]. While effective, such linear manifold
methods are limited in modeling complex neural dynamics.
To capture richer temporal structures, LFADS (Latent Factor
Analysis via Dynamical Systems) used RNN-based model to
extract latent dynamics and outperform traditional factor mod-
els on both synthetic and real neural datasets [16]. Building on
this, NoMAD proposed a cross-day alignment framework that
leverages the latent dynamical distribution learned by LFADS
to calibrate unseen neural data, achieving stable behavioral
decoding across multiple weeks in non-human primate motor
tasks [17]. Nevertheless, this approach depends on source-day
recordings and abundant target-day neural data to estimate
latent distributions, which constrains its applicability in low-
data scenarios. AlignVAE further introduced a source-free
alignment strategy, where an alignment network projects new-
day neural recordings onto the latent dynamics learned by a

pre-trained seqVAE. This approach improves the performance
of the cross-day decoding without labeled data [18].

Although these methods improve cross-day decoding sta-
bility, their reliance on complex neural networks and high
computational cost hinders practical deployment in embedded
iBCI systems.

B. Spiking Neural Networks in iBCI

SNNs offer a biologically inspired alternative to conven-
tional architectures through sparse and event based computa-
tion. By operating on discrete spikes, SNNs naturally match
the asynchronous and sparse characteristics of neural signals
and have shown promising performance in supervised neural
classification tasks [19], [20]. However, their use in continuous
decoding tasks, particularly under unsupervised or cross-day
conditions, remains limited. In particular, the combination of
SNNs with domain adaptation or alignment strategies has
rarely been explored in the context of long-term iBCI use.

SNNs are often considered compatible with neuromorphic
processors such as Loihi, TrueNorth, and SpiNNaker, which
are designed for event-based and low-power computation
[21]-[24]. While this work does not target a specific hard-
ware platform, we estimate the energy consumption of our
spiking models using typical operation level costs reported in
prior literature, such as the energy per multiply accumulate
(MAC) or accumulate (AC) operation. This analysis provides
a model independent estimate of potential energy savings and
highlights the applicability of SNNs for power aware BCI
inference, even without physical deployment.

III. PROPOSED METHOD

The overall architecture of our decoding framework is
illustrated in Fig. 1. It consists of three main components: 1) a
seqVAE trained on multi-day neural recordings to learn stable
latent dynamics; 2) a bias-based alignment module that adjusts
new-day neural spike inputs without behavioral labels; 3) a
spiking implementation of the core modules for low-power,
event-driven inference.

A. seqVAE: Variational Modeling of Latent Dynamics

We first train a seqVAE to extract stable latent neural
dynamics from multi-day recordings, as illustrated in Fig. 1.
The framework combines a Transformer encoder to capture
long-range spike dependencies, an MLP prior for smooth latent
dynamics, a GRU decoder for behavior prediction, and a linear
reconstruction decoder that preserves neural information to
support robust latent representation learning.

Here, x;.7 denotes the observed neural activity over a
sample of length 7', and z; represents the latent state at
time t. The seqVAE consists of an encoder gy (2¢|x1.7) that
approximates the posterior distribution, together with decoder
and prior networks pg(x¢|2:) and pg(z:|2:—1) that model spike
reconstruction and latent temporal transitions, respectively.
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Fig. 1. Overview of the proposed iBCI decoding framework, which includes multi-day latent dynamics pre-training, unsupervised alignment with a learnable
input bias, and spiking implementations of key modules within the seqVAE architecture. Black arrows indicate the multi-day pre-training flow, while blue

arrows represent the alignment and inference path on new-day inputs.

The model is trained by maximizing the evidence lower bound
(ELBO):

T
LrLBo = ZEQ¢(21,‘X1:T) [log po (x¢|21)]

= (1)

— Y KL gg(zt|x1:7) | po (2t 2e-1)]

t=1

Both the latent prior pp(z¢|zt—1) and the posterior
¢4 (z¢|x1.7) are modeled as Gaussian distributions, with the
initial latent state following a standard normal prior p(z1) =
N (0, I). To accurately characterize the statistics of spiking ac-
tivity, the reconstruction likelihood py(x;|z;) is parameterized
as a Poisson distribution.

To explicitly facilitate behavioral decoding, we introduce
an additional supervised regression term, predicting behavior
9y from latent states z; using mean-squared error, where y;
represents the observed behavior at time ¢:

1z
Lreg = T Z |y — z)t(zt)|z (2)
t=1

The final training loss combines these two terms with weight
A1 and )\ to balance their contributions:

Ltrain = —A1 LELBO + A2Lreg )

Optimizing this objective yields a structured latent rep-
resentation that captures cross-day neural dynamics while
maintaining a stable behavioral decoder.

Notably, all key modules in our framework, including the
Transformer encoder, MLP prior, GRU behavior decoder, can
be converted to their SNN counterparts. This property enables
subsequent spiking-domain fine-tuning and theoretical energy
analysis.

B. Unsupervised Alignment using Latent Dynamics

To adapt the decoder to cross-day neural variations without
labeled data, we propose a lightweight unsupervised alignment
strategy, as illustrated in the bottom of Fig. 1. Specifically, we
introduce a learnable bias term b, that directly shifts new-day
neural inputs:

falign (it) =X+ bw 4)

Aligned inputs are then passed through the frozen pre-
trained encoder ¢ (2| faiign(X¢))-

To ensure temporal consistency, we align this latent distri-
bution with the pre-trained latent dynamics prior pg(2¢|2¢—1):

T
L = Y KL g4 (%] faien(%e)) || po(2e]21)] (5
t=1
We also impose a self-supervised reconstruction loss to
preserve latent representation quality:

T
Lrce = — Y logpy(%i|Z) 6)
t=1
The alignment loss combines both terms with hyperparam-
eter 51 and [o:

Lalign = —B1LxL + BaLlrec (7

C. Spiking-Compatible Implementation and Energy Estima-
tion

In the pre-training phase, we integrate Leaky Integrate-and-
Fire (LIF) neurons into the key modules of the ANN model
and perform the entire SNN conversion process using the Spik-
inglelly framework [25]. Specifically, we load the pre-trained
ANN model weights into the corresponding SNN modules and
fine-tune the neuron parameters using the original data. The
fine-tuning process uses surrogate gradient methods to train



the neurons, adapting them to the SNN’s characteristics [26].
Although the latent manifold remains continuous to preserve
the variational inference structure, training in the spiking
domain ensures that the decoder can be directly executed as
an SNN during inference.

The membrane potential of an LIF neuron V; is updated as:

Vi=AVie1 + 1t = Si—-1Vieset ®)

where X is the decay factor, I; is the input current, and
Si—1 indicates whether a spike was emitted at the previous
time step. A spike is generated when V; exceeds the threshold

Vin:
St =0O(Vi — V) €))

where O(-) is the Heaviside step function.

For energy estimation, we calculate the number of oper-
ations involved in the model inference, including multiply-
accumulate operations (MACs) and accumulate operations
(ACs). We estimate the energy consumption per operation,
where the energy per MAC operation is 4.6 pJ and the energy
per AC operation is 0.9 pJ [27]. With these theoretical values,
we can estimate the total energy consumption during inference.

The total inference energy is divided into three parts: the
alignment module, the Transformer encoder, and the GRU
decoder:

Elotal = Ealign + Eencoder + Edecoder (10)

1) ANN Energy Formulas: The energy consumption for
ANN is calculated as:

Eann = NvacEmac + NacEac (11)

where Fyvac = 4.6pJ and Eac = 0.9pJ are the energy
costs per multiply-accumulate and accumulate operation re-
spectively, and Nyac, Nac represent the number of multiply-
accumulate and accumulate operations respectively.

Alignment Module: The alignment module consists of a
simple input bias component. The energy consumption of this
module is given by:

Ealign = Nalign - Eac (12)

where N,jign represents the bias dimension of the alignment
module.

Transformer Encoder: The encoder module consists of
position encoding, linear projections, and stacked Transformer
blocks. The total energy consumption of the encoder is com-
posed of the following components:

EX . — Nin Ntrans EAC

proj len < *cha
Epve = Nity Nty i Eyiac
Ege, = Nity NS Exc
Etifms = ( Nliéln thﬁzns + Nliéln chga) Exc (13)

Emac

trans

= Ny (4Nien (Nea®)? + 2(Nigy ) * Nyt
+ 2Nin Ntranstd )EMAC

len* Ycha cha

Eencoder = Eproj + Epos + Etrans

where N denotes the length of the input sequence, N3
represents the dimensionality of the model within each channel
of the Transformer block, NI, indicates the dimension of the
input neuron, chﬂa refers to the channel dimension of the feed-
forward layer, Ni,y is the number of layers, and thfad is the

number of attention heads.

GRU Decoder: The decoder module consists of gated
recurrent units (GRU) with gate mechanisms and an additional
MLP layer for output projection. The energy consumption
breakdown is as follows:

Egry = (5Nidn Niay Noca + Nyew) Eac

neu neu

En = 3(Nity + Npst) Nyt Eviac
E}?ﬁc = 3(2N£3)N :éﬂEMAC
Egru = Nis [ER 4 (Niy — 1) B + By

EMLP — (Nin Nhid + NhidNout)EMAC

(14)

neu” ' neu neu’ Y neu
hid out
+ (Nneu + NHCU)EAC

Eyecoder = Egru + EmvLp

where N1 denotes the hidden neuron dimension, and N24t

represents the output neuron dimension.

2) SNN Energy Formulas: In SNN, event-based compu-
tations are performed only during spike events, therefore
compared to ANN, the cost in SNN is additionally multiplied
by the value of duty cycle (DC). The energy consumption
for SNN is calculated as: The energy consumption for SNN
is calculated based on event-driven computation with sparsity
consideration:

Esnn = Nmac - Emac - DC + Nac - Eac - DC (15)

IV. EXPERIMENTS

We evaluated the unsupervised cross-day generalization
ability of our framework for both ANN and SNN models,
as well as the theoretically estimated energy consumption, on
two invasive BCI datasets. The results verify the effectiveness
and potential application of our method.

A. Datasets

a) Center-out reaching task: Data were collected from
Monkey D (Fig. 2a) while controlling a joystick to reach eight
targets. Neural signals (64 channels, 30 kHz) and 2D joystick
voltages (1 kHz) were binned into 20 ms windows. Trials were
split 8:2 for training/testing, with 2's samples (100 ms stride).
Recordings spanned 04/01/2025-04/29/2025.

b) Isometric wrist task: Monkey J performed wrist force
control (Fig. 3a). Neural activity (96-channel Utah array,
30kHz) and cursor velocity (1 kHz) were aligned and binned
into 20 ms windows. Trials were split 8:2, using 600 ms sam-
ples (120 ms stride). Recordings from 07/30/2015-09/06/2015
were used.
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Fig. 2. Results on the center-out (CO) reaching task from Monkey D. (a) Experimental paradigm of the CO task performed by the Monkey. (b) Cross-day

decoding accuracy across different methods, shown as box plots over target d

ays. (c) Effect of unsupervised adaptation duration on decoding performance. (d)

Decoding accuracy with (w/) and without (w/o0) alignment for both ANN and SNN models. (e) Cosine similarity between the target-day latent representation
and the pre-trained latent manifold, computed with and without alignment, for both ANN and SNN models.

B. Experimental Setup

We compared against three baselines: Vanilla Trans-
former [28] (no alignment), AlignVAE [18] (GRU-VAE with
alignment), and NoMAD [17] (RNN latent dynamics with KL
alignment). For fair comparison, all methods used approxi-
mately 120K parameters and the same 60 s of unlabeled target-
day data.

Baselines were pre-trained on a single source day
(04/09/2025 for Monkey Dj; 08/06/2015 for Monkey J). Our
method used multi-day pre-training (5 days for Monkey D, 4
days for Monkey J) with AdamW (Ir=5e-4, batch=128, 200
epochs). Loss weights: \; = 1le—3 (ELBO), A\ = 1 (MSE).
For alignment, we used Ir=5e-3, 100 epochs, weight decay=>5e-
3, and B; = le—2, B3 = le—3. SNN variants used the same
settings with simulation windows of 10 (Monkey D) or 30
(Monkey J). Hyperparameters for baselines are in Table 1.

TABLE I
HYPERPARAMETER CONFIGURATIONS FOR BASELINE MODELS USED IN
COMPARATIVE ANALY SIS

Parameter Transformer AlignVAE NoMAD
Learning rate 1x 1077 5x 1074 1x 1073
Batch size 128 128 128
Training epochs 100 1000 100
Optimizer Adam AdamW Adam
Loss MSE ELBO + NLL  NLL+MSE+KL

C. Cross-Day Generalization with Unsupervised Alignment

1) Baseline Comparison: As shown in Fig. 2 and Fig. 3
(b), we compared our proposed decoding framework with
the aforementioned baselines across both datasets. Under the
condition of using only 60s of unlabeled neural data from
each target day. Our method, which combining multi-day
pre-training with a bias-based alignment strategy, achieves
the highest cross-day decoding accuracy with ANN decoders,
0.71 £ 0.08 on Monkey D and 0.75 £ 0.04 on Monkey J.

NoMAD, performs competitively on some days but is gen-
erally less stable (0.68+0.05 on Monkey D and 0.7340.02 on
Monkey J). This is likely due to its reliance on a large amount
of target day neural data to estimate latent distributions, which
is insufficient under our limited data setting.

AlignVAE demonstrates sporadic generalization on Monkey
D (0.03 £ 0.37) but fails to transfer on Monkey J (—0.04 £
0.07). We attribute this to three key factors: (i) the limited
representational capacity induced by single-day training; (ii)
the weaker modeling power of the GRU encoder; and (iii) the
difficulty of training a linear or MLP alignment head from
only a few of unlabeled data, which may result in overfitting
and misalignment of latent trajectories. In contrast, our multi-
day pre-training strategy and lightweight bias-based alignment
effectively address these limitations by enhancing manifold
structure and reducing the complexity of alignment.

Although the overall accuracy is low (0.14 £ 0.32 on
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before and after alignment for both ANNs and SNNs models. (e) Cosine similarity between the target-day latent representation and the pre-trained latent
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Monkey D; 0.25+0.37 on Monkey J), the Vanilla Transformer
baseline shows non-trivial generalization on certain days,
suggesting inherent robustness and supporting its use as our
backbone encoder.

In the SNN setting, our method continues to outperform
both Transformer and AlignVAE. Although its decoding accu-
racy is moderately lower than ANN and NoMAD (0.64+0.09
on Monkey D and 0.68 = 0.03 on Monkey J), it achieves a
trade-off between accuracy and energy efficiency, as shown in
Fig. 4.

2) Effect of Alignment: We further investigated how the
amount of unlabeled target day data affects the quality of
alignment by varying adaptation durations from 30 to 120s.
As shown in Fig. 2 (c), on Monkey D, the accuracy of ANN
improves from 0.69 4+ 0.10 (30s) to 0.74 = 0.07 (1205s),
while SNN improves from 0.61 + 0.11 to 0.67 &+ 0.08. On
Monkey J (Fig. 3 (c)), ANN rises from 0.50 = 0.24 (30s) to
0.75£0.04 (60s), and SNN from 0.60 £ 0.20 to 0.68 = 0.03.
Although slight fluctuations occur beyond 60s, performance
remains consistently higher than the 30 s baseline, indicating
that less than 60 seconds of data may be insufficient for stable
alignment, while gains tend to saturate beyond that point.

Beyond average performance, we also examined decoding
consistency across all target days. As shown in Fig. 2 (d) and
Fig. 3 (d), our method maintains stable cross-day decoding
(both ANN and SNN) across a 20-day span for Monkey

D and a 30-day span for Monkey J. In contrast, removing
the alignment module results in substantial variability and
performance degradation, further underscoring the importance
of alignment in maintaining temporal generalization.

To further understand the mechanism behind this improve-
ment, we analyzed the cosine similarity between the target-
day latent representations and the pre-trained manifold before
and after alignment. On Monkey D (Fig. 2 (e)), the similarity
increases from 0.91 £0.10 to 0.95=£0.05 for ANN, and from
0.95£0.05 to 0.98 £0.01 for SNN. On Monkey J (Fig. 3 (e)),
ANN improves from 0.92 + 0.04 to 0.99 £ 0.003, and SNN
from 0.96 + 0.02 to 0.99 4 0.002. Pair t-tests with one tail
on all target days confirm that improvements are statistically
significant (p < 0.05), indicating that our alignment module
consistently restores the underlying latent structure, even with
limited adaptation data.

3) Ablation Study: To further quantify the contributions of
each component in our framework, we conducted an ablation
study as summarized in Table II. The full model consistently
achieves the best performance across both datasets and archi-
tectures, confirming the effectiveness of combining multi-day
pret-raining with the bias-based alignment module. When the
alignment module is removed, the model shows a clear drop in
performance. For example, on Monkey D, the ANN accuracy
decreases from 0.71 to 0.07, and the SNN accuracy drops from
0.64 to —0.07, indicating that pre-training alone is insufficient



TABLE 11
ABLATION STUDY ON CENTER-OUT REACHING TASK AND ISOMETRIC WRIST TASK DATASETS FOR BOTH ANN AND SNN MODELS. WE REPORT
AVERAGE R? DECODING ACCURACY ACROSS TARGET DAYS.

Dataset Settings ANNRZ(1) | SNNRZ (D)

Full model (ours) 0.71 + 0.08 | 0.64 £ 0.09
Center-out reaching task w/o align 0.07+0.39 | —0.07£0.48
Monkey D w/o multi-day pre-training | 0.66 +0.13 0.63 +0.10
w/o both 0.004+0.39 | —0.19 £0.52

Full model (ours) 0.75 £+ 0.04 0.68 + 0.03

Isometric wrist task w/o align 0.61 £0.13 0.43 £0.22
Monkey J w/o multi-day pre-training | 0.54 £ 0.13 0.42£0.12
w/o both 0.08£0.42 | —0.14+0.44

to address the larger distribution shifts present in this dataset.
In contrast, on Monkey J, the model still achieves moderate
generalization without alignment (e.g., 0.54 with ANN), sug-
gesting that multi-day pre-training alone can provide a strong
prior when the target-day distribution is relatively stable. Nev-
ertheless, adding alignment consistently improves performance
across both datasets and architectures. When both components
are removed, the model fails completely. For instance, the
SNN on Monkey J drops to —0.14. These results demonstrate
that multi-day pre-training and alignment play complementary
roles. Pre-training helps establish a stable and generalizable
latent dynamics across days, while alignment enables efficient
unsupervised adaptation to target day distribution shifts using
only a few of unlabeled neural data.

D. Energy Efficiency of SNN
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Fig. 4. Energy comparison between ours ANN and SNN.

In addition to the accuracy of decoding, we also analyzed
the energy efficiency of our framework. Fig. 4 shows the
theoretical energy consumption per inference sample for ANN
and SNN implementations. On Monkey D, the SNN version re-
duces the computational cost from 14.82 uJ (ANN) to 7.03 uJ,
resulting in a 52.6% reduction. On Monkey J, the energy
consumption decreases from 8.92 pJ to 3.45 puJ, corresponding
to a reduction of 61.3%. While the SNN decoder exhibits
slightly lower accuracy than its ANN counterpart, it provides
substantial energy savings, making it a compelling choice for
real-time deployment in power-constrained edge iBCI systems.

V. CONCLUSION

We propose a fully unsupervised framework for cross-
day decoding in invasive brain—computer interfaces. It inte-
grates multi-day pretraining of latent neural dynamics with
a lightweight bias-based alignment module to enable stable
generalization without behavioral labels. Experiments on two
non-human primate datasets show that our method consis-
tently outperforms existing ANN baselines and maintains
competitive accuracy under spiking neural network architec-
tures. Ablation studies confirm the complementary roles of
pretraining and alignment, while cosine similarity analysis
verifies that alignment effectively restores latent structure.
Theoretical energy analysis further indicates that the SNN
variant reduces computational cost by over 50% compared to
the ANN version, highlighting its potential for deployment on
low-power neuromorphic hardware.

Despite promising results under realistic cross-day condi-
tions, our framework has limitations. The current additive
alignment module may be suboptimal under large or non-linear
distribution shifts. Our evaluation focuses on short-to-medium
timescales (within 30 days); validation over longer periods
and with more diverse decoding targets remains for future
work. Moreover, energy estimates are theoretical, and real-
time deployment on neuromorphic hardware requires further
verification. It should be noted that current neuromorphic
platforms such as Loihi and SpiNNaker do not natively support
several key operators used in our model (e.g., Transformer
attention, GRU gating, and variational sampling), making
direct deployment infeasible without structural adaptation.

To address these operator-level constraints, we have de-
signed a custom manycore neuromorphic processor, currently
under fabrication. We plan to evaluate its on-chip implemen-
tation and real-time decoding performance once the hardware
is available [29].
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