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Abstract: Cross-day variability in neural signals remains a major obstacle to achieving long-term stability in brain—computer
interface (BCI) systems. To address this challenge, we propose a unified cross-day neural decoding framework that integrates di-
rect spiking encoding, Spiking Transformer—based spatiotemporal modeling, and ODE-LSTM-based continuous-time decoding.
The proposed method directly converts neural signals into spike sequences without requiring an additional encoder, effectively
captures cross-channel and cross-temporal dependencies through event-driven sparse self-attention, and substantially mitigates
long-timescale neural drift via continuous-time dynamical modeling. We conduct systematic evaluations on two intracortical
BCI datasets—an isometric wrist force control task and a center-out reaching task. The results demonstrate that the proposed
framework achieves significantly higher cross-day decoding accuracy and superior energy efficiency compared with existing
deep learning models. Furthermore, the lightweight ODE-LSTM obtained through pruning and quantization preserves decoding
performance while achieving an order-of-magnitude reduction in energy consumption, confirming the redundancy and stability
of the learned continuous-time neural representations and highlighting the model’s strong potential for lightweight deployment.
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1 Introduction

Brain—computer interfaces (BCIs) aim to decode neural
activity to control external devices and have demonstrated
substantial potential in motor rehabilitation[1], assistive con-
trol, and neuroscience research. A central challenge, how-
ever, is the pronounced degradation of cross-day decod-
ing performance: models that perform well on the training
day often exhibit a rapid decline in accuracy on subsequent
recording days. This degradation typically arises from the
high variability inherent in neural recordings, causing the
statistical distribution of neural activity to drift continuously
over multiple days. Developing stable and efficient cross-
day decoders without relying on extensive labeled data is
therefore a critical prerequisite for practical BCI systems.

Conventional cross-day decoding approaches predomi-
nantly rely on deep artificial neural networks (ANNS), such
as convolutional networks or [2]. While these methods
achieve satisfactory short-term performance, they are of-
ten unstable when faced with long-term distributional shifts.
Moreover, their dense computation paradigm not only limits
adaptation to the inherently sparse nature of neural signals,
but also imposes significant energy costs, which hinders
their application in real-time BCI systems. Consequently,
improving cross-day stability while reducing computational
overhead has become a key focus in BCI decoding research.

Spiking neural networks (SNNs) offer a modeling
paradigm that is naturally suited to dynamic neural signals.
Compared with conventional ANNs[3], SNNs exploit event-
driven spiking representations to capture the sparse temporal
structure of neural activity, thereby reducing redundant com-
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putation and enhancing temporal sensitivity. Nevertheless,
existing SNNs exhibit limited capacity for modeling high-
dimensional neural signals, particularly in capturing long-
range temporal dependencies, which restricts their direct ap-
plication to cross-day decoding tasks.

In this work, we propose a novel framework for cross-
day BCI decoding. Neural activity is directly encoded into
spikes, forming sparse, event-driven temporal sequences that
enable the model to focus on transient neural events while
mitigating distributional shifts caused by inter-day firing rate
variations. A Spiking Transformer is employed to capture
cross-channel and cross-time dependencies, while an ODE-
LSTM module models the continuous evolution of hidden
states to enhance adaptability to cross-day neural dynamics.
Experimental results demonstrate that the proposed frame-
work achieves superior cross-day decoding stability and en-
ergy efficiency compared with conventional deep learning
models.

2 Related Works

2.1 Lightweight Spiking Neural Networks (SNNs) and
Sparse Representations

Spiking neural networks (SNNs)[4], inspired by the event-
driven computation of biological neurons, employ binary
spike firing to realize sparse and energy-efficient process-
ing. Compared with traditional artificial neural networks
(ANNSs), SNNs possess inherent advantages in hardware re-
alization, temporal information processing, and power con-
sumption, making them highly attractive for neural decoding
and modeling of temporal neural signals[5]. To further en-
hance their deployability in practical scenarios—particularly
in online BCIs—recent studies have increasingly focused on
lightweight design and sparse representation strategies.



One line of work improves the trainability of SNNs by
leveraging surrogate gradients together with event-driven
sparsification mechanisms, enabling the network to maintain
high representational capacity while substantially reducing
inference energy. Another line of research introduces struc-
tural pruning, channel sparsification, weight sharing, and
quantization techniques, which compress model size from
an architectural perspective. For example, SNNs designed
with multi-threshold membrane potential accumulation and
time-step sparsification greatly reduce neuronal firing rates,
thereby lowering computational complexity.

Recently, with the success of the Transformer framework
in sequence modeling, researchers have begun exploring the
integration of SNNs with Transformer architectures, giving
rise to Spike Transformers[6]. These models typically em-
ploy event-driven sparse self-attention, where attention oper-
ations are triggered only upon the occurrence of spike events,
further reducing computational [7]. Spike Transformers thus
retain the powerful sequence modeling capabilities of Trans-
formers while preserving the biologically inspired sparse
computation of SNNs, providing a promising path toward
achieving both high expressiveness and lightweight compu-
tation for cross-day neural decoding.

2.2 Continuous-time modeling based on ODE

Due to the high variability inherent in neural recordings,
deep neural networks that rely on discrete-time modeling
struggle to accommodate statistical shifts occurring across
multiple days. Continuous-time neural networks based on
ordinary differential equations (ODEs) provide a new per-
spective for modeling such dynamic systems[8]. Neural
ODE:s interpret the evolution of a network’s hidden states as
the numerical solution of an ODE, thereby enabling tempo-
rally continuous and numerically stable state updates. Build-
ing on this foundation, models such as ODE-LSTM and
CT-LSTM integrate ODE formulations with recurrent mem-
ory units, allowing temporal dependencies to be preserved
within a continuous dynamical framework[9]. These ar-
chitectures demonstrate enhanced robustness under irregular
sampling conditions and long-term drift scenarios.

3 Proposed Method

This section provides an overview of the proposed uni-
fied framework for spatiotemporal spike-based sequence
modeling, which is composed of three tightly integrated
components: Direct Spiking Encoding, the Spiking Trans-
former for Spatiotemporal Modeling, and the ODE-LSTM
for Continuous-time Decoding. These modules operate syn-
ergistically, enabling the system to transform raw continuous
inputs into spike-based representations and subsequently re-
construct continuous-time dynamics in an end-to-end man-
ner. The overall architecture is illustrated in Fig.1.

3.1 Direct Spiking Encoding

Traditional SNNs typically rely on an additional encod-
ing stage—such as Poisson encoding, temporal encoding,
or amplitude encoding—to convert continuous-valued pix-
els into spike trains. This procedure not only introduces
extra computational overhead but also results in informa-
tion loss and latency. To circumvent these limitations, we
feed the feature maps generated by the first convolutional

layer (Conv1) directly into the spiking neuron layer, thereby
enabling a seamless transition from continuous signals to
spike-based processing. Specifically, the input image is first
processed by a standard convolutional layer to extract local
spatial features, which are subsequently passed into multi-
step LIF/PLIF neurons. Under this design, the spiking neu-
rons no longer depend on a separate encoder to produce
spike sequences; instead, they autonomously discretize the
continuous activations through membrane potential dynam-
ics, achieving an inherent, end-to-end conversion from the
pixel domain to the spiking domain.

3.2 Spiking Transformer for Spatiotemporal Modeling

To efficiently model spatiotemporal dependencies in time-
series data, we develop a Spiking Transformer (ST) aligner
that integrates the discrete event-driven dynamics of spik-
ing neurons with the sequence modeling capability of Trans-
formers. This design enables the model to inherit the energy-
efficient binary computation of SNNs while retaining the ca-
pacity to capture long-range temporal dependencies. Given
a multi-channel time-series input X € REX¢*L  the model
first applies a multi-scale convolutional Patch Embedding
module to partition the sequence into local temporal blocks
and project them into a unified feature space, as follows:

Zy = PatchEmbed(X) = ¢(W * X + b), ()

where ¢ denotes the binary spike sequences generated by the
first-layer multi-step LIF neurons.

To ensure numerical stability throughout the network
depth, we introduce a SpikeRescale(SR) module after ev-
ery LIF layer. This module dynamically adjusts the firing
rate and membrane potential magnitude so that activations
remain within an appropriate range during multi-layer prop-
agation. Give the LIF output spike sequence s; € {0,1}, SR
modulates the membrane potential using learnable scaling
and shifting parameters v and 3,as follows:

St ="(se —p) + B, @)

where -y and 3 are learnable affine parameters, and p denotes
the estimated mean firing probability serving as a reference
for normalization.

This operation is analogous to normalization but preserves
the discreteness of spikes and therefore does not compromise
the event-driven nature of the network; it can be regarded as
anormalization strategy defined in the spike domain. Its role
is crucial in deep propagation, as the membrane-potential ac-
cumulation mechanism of LIF neurons can cause the firing
rate to drift across layers. SpikeRescale continuously com-
pensates for this drift, ensuring that the attention and FFN
modules in deeper layers operate within a numerically stable
range.

The model then enters the backbone stage, which is com-
posed of multiple stacked Transformer blocks built upon
spiking attention. Unlike conventional Transformers, the
Q/K/V projections are each passed through LIF neurons
to produce binary spike representations, while SpikeRescale
compensates for channel-wise variations in firing intensity
after projection, ensuring that the attention scores are not in-
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Fig. 1: The proposed unified framework for spatiotemporal spiking sequence modeling comprises three primary components:
a Direct Spiking Encoding module, a Spiking Transformer for Spatiotemporal Modeling, and a Continuous-time Dynamic
Decoder based on ODE-LSTM. Together, these modules establish an integrated architecture that effectively transforms raw
continuous inputs into spike-based representations, models spatiotemporal dependencies, and enables continuous-time predic-

tion.

fluenced by abnormally amplified activations,as follows:

Q = SR(S,(Wy2)),
K = SR(S,(W,2)), 3)
V= SR(S'U(W'UZ))'

where W, W;, W, are learnable projection matrices,
Sq, Sk, Sv denote the LIF neurons applied to each projection
branch,

The output after computing the attention map is again
passed through a LIF neuron followed by SR module, ensur-
ing that the entire attention pathway maintains dynamically
stable activation scales.

To enhance the modeling of short-term temporal depen-
dencies, we introduce a TokenMix operation before the at-
tention module, enabling local temporal mixing of the se-
quence prior to self-attention. The output of this stage is also
processed by LIF and SR modules to maintain a consistent
activation scale before entering the attention block. Subse-
quently, the SFFN component is implemented as a spiking
MLP, as follows:

SFEN(Z) = SR (S5 (W5 SR(S1(W12)))) “)

The entire Transformer block integrates temporal infor-
mation through the combination of spiking attention and a
spiking FFN(SFFN), and is trained stably through residual
connections:

Z111 = Z; + SFFN(SpikeAttn(Z;)) (5)

where SpikeAttn(-) denotes the spiking self-attention op-
erator combining binary Q/K/V projections with SR-
stabilized attention maps.

Finally, at the output stage of the aligner, the network per-
forms statistical pooling over the spike features across all
time steps to integrate the temporal information, as follows:

T
Z (6)

where s; denotes the spike vector at time step ¢, and Z is the
temporally aggregated representation used for downstream
decoding.

3.3 ODE-LSTM for Continuous-time Decoding

To achieve robust recovery of neural sequence dynam-
ics in the continuous-time domain, we introduce a hy-
brid temporal unit that integrates ordinary differential equa-
tion (ODE) modeling with a recurrent memory architecture,
termed ODE-LSTM. The central idea of this module is to
augment the conventional gating-based memory mechanism
of an LSTM with an ODE-governed evolution of the hid-
den states, enabling inference of system dynamics at arbi-
trary continuous time points. This relaxes the constraint
of fixed sampling intervals and facilitates continuous-time
modeling and high—temporal-resolution decoding of sequen-
tial signals. Let the input neural sequence be denoted as z(t),
and the hidden and cell states of the LSTM be represented by
h(t) and c(t), respectively. In discrete-time networks, these

'ﬂ \



Algorithm 1 Aligner SpikeTransformer

Require: sequence X € RL*BxCin
Ensure: prediction Y € REXBXCout
1: function INITIALIZE(input_dim)
2: PosEnc < Positional Encoding(d-model)
3: ConvEnc < Convld(input_dim, 128, k=3, pad=1) —
LIF(r=2,v_th=1)
4 SNN_Tr < TimeSeriesSpikeTransformer(T=4)
5: Dec + Linear(d-model, ntoken)
6: return (PosEnc, ConvEnc, SNN Tr, Dec)
7: end function
8: function FORWARD(X)
9: X < permute(X, [B, Cin, L])
10: X < ConvEnc(X)
11: X «+ permute(X,[L, B, Crmidl)
12: X < PosEnc(X)
13: X + permute(X, [B, Cmid, L])
14: Z < SNN_Tr(X)
15: Y < Dec(Z)
16: reset_spike_states()
17: return Y
18: end function
19: procedure TRAIN(data_loader)
20: for (X, T _gt) in data_loader do

> spike encoding

21: Y < Forward(X)
22: loss < Loss(Y,T_gt)
23: optimizer.zero_grad()
24: loss.backward()

25: optimizer.step()

26: end for
27: end procedure

states can only be updated at predefined sampling steps At;
in contrast, ODE-LSTM treats them as continuous-time vari-
ables whose trajectories evolve according to a neural ODE of
the form:

MO~ poihie). ™
where h(t) is the continuous hidden state, and fy(-) is a dif-
ferentiable dynamic function implemented by a multilayer
perceptron (MLP), which characterizes the continuous evo-
lution of the underlying neural dynamics.

To obtain hidden-state predictions within an interval
[tk,tk+1], We integrate the above differential equation us-
ing a numerical ODE solver—such as Euler, Runge—Kutta
(RK4), or an adaptive step-size integrator—yielding the
continuous-time trajectory of the latent state, as follows:

_ Tt
Py = oy + / Folh(t), 1) dt @®)

tg

where iztk ., denotes the ODE-propagated hidden state at
time ¢x41, he, is the hidden state at the previous observa-
tion time ;. This integration implies that, before the LSTM
receives the next input, its hidden state has already evolved
according to the underlying dynamics, thereby enabling a
form of continuous-time prediction.

After the ODE-based propagation, the network performs
a standard LSTM gating update to incorporate the incoming

input and correct the prediction error, as follows:

ft = O'(Wf.’L't + Uf;Lt + bf),
] o(Wizy + Uiilt + b;), 9
Oy = O'(Woxt + Uoilt + bo),

123

where fy, 4,0, are the forget, input, and output gates at

time ¢, o(-) is the sigmoid nonlinearity; and h, is the ODE-

evolved hidden state used as the recurrent input to the gates.
The candidate cell state is formulated as follows:

¢ = tanh(Weoxy + Ughy + b,) (10)

Accordingly, the cell state and hidden state are updated as
follows:
et =ft Oc- +1 Oc,

11
hi = oy ® tanh(ey). (D

where c;- denotes the internal state after ODE-based evolu-
tion but prior to incorporating the current input, c; is the up-
dated cell state, h; is the updated hidden state, and ® denotes
element-wise multiplication.

Algorithm 2 ODE-LSTM Decoder (Compact)

Require: X € REXT*C%x timespans € RZ*7, optional mask
Ensure: Y € REXT*Cout or REXCout
1: function INITIALIZE(input_dim, hidden_size, num_layers)
2: Initialize hy,ce < Oforé =1...L
3 Linear output layer: Linear(hidden_size, out_feature)
4 return (h, ¢, Linear)
5: end function
6: function FORWARD(X, timespans, mask)
7
8
9

outputs < (, last_output < 0
fort=1...Tdo
: xy < X[, 1], dty < timespans[:,t]
10: for/{=1...Ldo

11: Tin < x¢ if £ = 1else he—1

12: (he, ce) < LSTMCell(zin, (he, ce))

13: h¢ <+ FixedStepSolve(he, dt:)

14: if dropout and ¢ < L then

15: h¢ <+ Dropout(hy)

16: end if

17: end for

18: y¢ + Linear(ht), append outputs

19: last_output <— mask[:,t]*y; + (1-mask[:,t])*last_output

if mask else y:
20: end for
21: Y < stack(outputs) if return_sequences else last_output
22: return Y
23: end function
24: function FIXEDSTEPSOLVE(h, dt)
25: dts < dt/3
26: fori=1...3do

27: h < ODE_Step(h, dts)
28: end for
29: return h

30: end function

31: function ODE_STEP(y, dt)

32: return y + dt * f(y)
representation for simplicity

33: end function

> Euler / Heun / RK4 unified

Through this dual-stage update mechanism—ODE-driven
evolution followed by LSTM-based correction—the model
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Fig. 2: Results on the isometric wrist task for Monkey J. (a) Experimental paradigm of the isometric wrist force control task.
(b)-(c) Cross-day decoding performance of different methods, including Transformer[10], AlignVAE[11] and NoMADI[12],
along with their corresponding theoretical energy consumption. (d) Eight-direction sequence prediction on a single day.
(e)—(f) Cross-day decoding performance and theoretical energy consumption comparison between the original model and its

lightweight variant after pruning and quantization.

preserves the strong representational capacity of the LSTM
while naturally adapting to irregular sampling patterns,
cross—time-scale variability, and the continuous dynamical
characteristics of neural encoding. Importantly, ODE-LSTM
is not merely an RNN augmented with an external ODE
solver; rather, it interprets the internal LSTM states as dis-
crete observations of an underlying continuous-time dynam-
ical system, thereby enabling the model to track the neu-
ral activity manifold in continuous time. Because the hid-
den state h(t) is governed by the aforementioned differen-
tial equation, its value at any intermediate time point ¢ €
(tx, tx+1) can be obtained directly via the solver. This prop-
erty is particularly advantageous in long-term neural decod-
ing, modeling of non-uniformly sampled neural data, and
multimodal temporal alignment. Moreover, by parameteriz-
ing the dynamical function fy, the model can automatically
learn the intrinsic evolution rules of neural activity—such as
slow drifts, state-dependent transitions, or latent oscillatory
structures—which conventional discrete-time LSTM archi-
tectures often struggle to capture, ultimately leading to im-
proved predictive performance.

4 Experimental Data and Analysis

We evaluate the proposed framework in terms of its cross-
day generalization capability, as well as its theoretical en-
ergy consumption on two invasive brain—computer interface
(BCI) datasets. The results confirm both the effectiveness of
the proposed method and its potential practical applicability.

4.1 Datasets

We evaluate the proposed method on two invasive
brain—computer interface (BCI) datasets corresponding to
different motor task paradigms and neural recording config-
urations.

Isometric Wrist Task: As shown in Fig.2(a), in the iso-
metric wrist task the hand of Monkey J was fixed in a sta-
tionary position, and cursor control was achieved through
forces generated at the wrist. The neural recordings span
from July 30, 2015 to November 2, 2015. Due to various fac-
tors affecting data quality during long-term recording, only
data collected between July 30, 2015 and September 6, 2015
were used in the final experiments.

Center-Out Reaching Task: As illustrated in Fig.3(a), in
the center-out reaching task neural signals were recorded
from the contralateral primary motor cortex (M1) while
monkey D controlled a joystick to move a cursor toward one
of eight peripheral target locations. The recordings for mon-
key D were continuously collected from April 1, 2025 to
April 29, 2025.

4.2 Cross-day Decoding Performance and Energy Effi-
ciency

4.2.1 Test on Monkey J

As shown in Fig.2(b), we compare the decoding perfor-
mance of several representative algorithms on the isomet-
ric wrist task using the coefficient of determination (R2)
as the evaluation metric. The results demonstrate that the
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Fig. 3: (a) Experimental paradigm of the isometric wrist force control task. (b)—(c) Cross-day decoding performance of
different methods and their corresponding theoretical energy consumption. (d) Model performance with varying amounts
of supervised fine-tuning data. (e)—(f) Cross-day decoding performance and theoretical energy consumption of the original
model and its lightweight version after pruning and quantization.

proposed continuous-time modeling framework consistently
achieves the best overall performance and stability: both
the median and upper quartile of the R? distribution are
markedly higher than those of the baseline methods, with a
more compact spread. These findings substantiate that intro-
ducing continuous-time dynamical constraints via an ODE
solver effectively mitigates performance degradation caused
by cross-day neural signal drift, thereby enabling more ro-
bust neural decoding.

As shown in Fig.2(c), we further compare the energy con-
sumption of different decoding algorithms during training
and evaluation. The proposed model not only achieves the
highest decoding accuracy on this dataset but also exhibits
the lowest energy cost, highlighting an advantageous balance
between performance and efficiency.

Moreover, as illustrated in Fig.2(e), ODE-LSTM main-
tains high decoding accuracy over an extended temporal
span, with only minor performance drops at a few time
points and an overall stable trend. This behavior indicates
that the model successfully captures the continuous-time
evolution of neural activity and demonstrates strong adapt-
ability to cross-day distributional shifts. In addition, the
compressed ODE-LSTM-PRUNE-QUANT model exhibits
performance curves that closely match those of the origi-
nal model, with the R? values nearly overlapping on most
testing days.

The energy evaluation presented in Fig.2(f) shows that
the original ODE-LSTM incurs substantially higher energy
consumption compared with its lightweight counterpart,
whereas ODE-LSTM-PRUNE-QUANT achieves orders-of-

magnitude reductions in energy cost while preserving decod-
ing performance. Collectively, these results indicate that the
learned continuous dynamical representations possess con-
siderable redundancy and stability, thereby supporting sub-
stantial model simplification without compromising cross-
day generalization capability.

4.2.2 Test on Monkey D

Given the higher behavioral variability and neural signal
complexity of the Monkey-D dataset, we introduce a small
amount of supervised fine-tuning in the cross-day evaluation
to compensate for distribution shifts across recording days.
Fig.3(b) compares the cross-day decoding performance of
several baseline methods and our model when only 3 min-
utes of data are used for fine-tuning. Consistent with the re-
sults on the wrist-force task, the discrete-time Transformer
exhibits substantial performance fluctuations under cross-
day evaluation, while the decoding performance of Align-
VAE remains limited. NoMAD achieves relatively stable
performance by modeling latent neural dynamics; however,
our continuous-time ODE model attains comparable over-
all accuracy and stability, with a more compact and consis-
tent performance distribution. Furthermore, the energy con-
sumption comparison in Fig.3(c) shows that the proposed
model achieves significantly better energy efficiency than the
competing approaches.

As shown in Fig.3(d), increasing the amount of supervised
fine-tuning data leads to diminishing performance improve-
ments for both the original ODE-LSTM and its lightweight



Table 1: Ablation study on different aligner and decoder designs under 9-day cross-day testing. Performance is reported using

the coefficient of determination (R?).

Aligner Decoder Day; Day Dayis  Dayig Day2o Daya2 Dayazs Daysp  Days; Avg

Spike-Transformer LSTM 0.9355 0.9074 0.8706 0.7425 0.8489 0.8055 0.7235 0.5948 0.6792 0.7898
Spike-Transformer ODE-LSTM 0.9513 0.9234 0.9094 0.6324 0.8428 0.8091 0.7182 0.6014 0.7457 0.7926
Spike-Transformer (MR)  ODE-LSTM 0.9699 0.9554 0.9197 0.7367 0.8858 0.8928 0.7296 0.8423 0.8179 0.8611
Spike-Transformer (MR) ODE-LSTM-PQ 0.9701 0.9554 09191 0.7395 0.8891 0.8923 0.7302 0.8392 0.8117 0.8607

version, ODE-LSTM-PRUNE-QUANT, once the sample
size reaches approximately 60-80 trials. Therefore, we
adopt 80 trials as the standard fine-tuning setting. Notably,
the lightweight model achieves almost identical performance
to the original model across all data scales. Fig.3(e) presents
the cross-day decoding results under different fine-tuning
sample sizes, demonstrating that both ODE-based models
maintain high and stable decoding accuracy over extended
temporal spans. Combined with Fig.3(f), these results fur-
ther validate the effectiveness of our model’s lightweight de-
sign.

Taken together, these findings confirm that continuous-
time neural dynamics modeling provides an efficient, stable,
and reliable decoding framework for real-world BCI appli-
cations.

4.3 Ablation experiment

To systematically evaluate the impact of different mod-
ule designs on cross-day neural decoding, we conduct a se-
ries of ablation studies on the isometric wrist force control
task, with the results reported in Table 1. Specifically, we
examine the contributions of the aligner architecture, de-
coder formulation, and model compression strategy. Un-
der the same Spike-Transformer aligner, replacing the con-
ventional LSTM with ODE-LSTM improves the mean R?
from 0.7898 to 0.7926. Although the overall gain is mod-
est, ODE-LSTM yields more stable performance on later
test days, indicating that continuous-time dynamical model-
ing helps alleviate performance degradation over long cross-
day intervals. Furthermore, equipping the ODE-LSTM de-
coder with a Multi-scale Convolution (MR)-enhanced Spike-
Transformer aligner substantially improves cross-day gen-
eralization, boosting the average R? to 0.8611. This re-
sult suggests that multi-scale representation learning enables
the aligner to capture neural dynamics at different tempo-
ral scales and thus achieve more robust cross-day feature
alignment. Building on this stronger architecture, we further
develop a lightweight ODE-LSTM through structured prun-
ing and post-training quantization (PQ). Despite a signifi-
cant reduction in model complexity, the compressed model
still achieves a competitive average R? of 0.8607, indicat-
ing that the learned continuous-time neural dynamical repre-
sentations contain considerable redundancy and can preserve
cross-day decoding performance under substantial parame-
ter and computational compression.

5 Conclusion

This work proposes a unified framework for cross-day
BCI decoding by integrating direct spike-based encoding,
Spiking Transformer spatiotemporal modeling, and ODE-
LSTM continuous-time decoding. By jointly modeling neu-
ral signal representation, temporal dependencies, and latent-

state dynamics, the proposed method improves decoding
stability, robustness, and energy efficiency across multiple
recording days. Experimental results show that the frame-
work outperforms existing deep learning methods in cross-
day performance, computational cost, and decoding accu-
racy. This study provides a promising direction for develop-
ing long-term deployable and low-power BCI decoding sys-
tems, and it also has the potential to be extended to broader
neural engineering applications, such as closed-loop control
and cross-modal neural information integration.
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