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Abstract

Today’s deep learning architectures are primarily based on perceptron models,
which do not capture the oscillatory dynamics characteristic of biological neural
activity. Although oscillatory systems have recently gained attention for their
closer resemblance to neural behavior, they often lack a structured mechanism to
represent rich spatio-temporal dynamics in a controllable and interpretable manner.
In this paper, we propose a bio-inspired oscillatory state system (BioOSS), a 2D to-
pographically organized oscillatory state-space model designed to generate diverse
oscillation-driven spatio-temporal patterns. BioOSS comprises two coupled state
components: p units that represent membrane-potential-like variables inspired by
pyramidal-cell activity, and o units that act as velocity-like latent states controlling
phase, time scales, and damping. The model incorporates trainable parameters for
damping and effective oscillation rates, enabling flexible adaptation to task-specific
temporal structures while remaining efficient for long-sequence learning via scan-
friendly diagonal dynamics. We evaluate BioOSS on both synthetic and real-world
tasks, demonstrating superior performance and enhanced interpretability compared
to alternative architectures.

1 Introduction

The advent of deep learning models, such as transformers [Vaswani et al., 2017} Devlin et al., 2019],
has significantly advanced performance across a variety of tasks and domains. However, these models
are still fundamentally based on perceptrons, which differ from the oscillatory behavior widely
observed in neural activity. In contrast, oscillatory systems [Rusch and Mishra, 2021}, [Lanthaler
et al.| 2023} [Rusch and Rus| [2025]] have recently garnered considerable attention due to their closer
alignment with dynamical properties of biological circuits. While these models capture temporally
recurrent and oscillation-like behaviors, they often provide limited control over how spatio-temporal
structure is organized and interpreted. In biological circuits, oscillatory activity emerges within
structured substrates (e.g., cortical columns and topographic organization) and can manifest as coordi-
nated, wave-like activity patterns that appear to spread across tissue. Such phenomena are shaped by
heterogeneous time scales and attenuation, and by the circuit’s structured layout. Consequently, exist-
ing oscillatory models primarily emphasize temporal dynamics in an abstract latent space; even when
spatial extensions are considered, they often do not explicitly leverage a topographic organization
that supports interpretable spatio-temporal pattern formation.

We propose a bio-inspired oscillatory state system (BioOSS) to learn spatio-temporal dynamics that
can exhibit wave-like coordination patterns on a structured substrate. In the brain, neural states
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Figure 1: (a) The overview of the proposed BioOSS framework. (b) Structure of the 2D neural
network composed of coupled p (membrane-potential-like) and o (velocity-like latent) units arranged
on a spatial grid. (¢) Distribution of the natural frequencies across the grid, illustrating local frequency
heterogeneity. (d) Dynamic behavior of p units in the proposed model. The left panel shows the input
signal to a left p unit; the right panel shows a wave-like, coordinated spatio-temporal response pattern
at a neighboring unit under the learned grid-structured dynamics. (e) Behavior in the absence of
nonlinear dynamical enrichment, where the right p unit exhibits only amplitude modulation without
generating richer oscillatory structure.

evolve not only over time but also within spatially organized tissue, where coordinated population
activity supports higher-order cognitive functions. Such organization is particularly salient in the
prefrontal cortex (PFC), where complex and coordinated activity patterns support cognitive control
and integration [Dale and Halgren, 2001, Buonomano and Maass, [2009]]. Temporal recurrence
and delay mechanisms enable memory and integration [Fuster and Bressler, 2012} Richards and
Frankland| [2017], while cortical columnar organization provides an anatomical scaffold for structured
interactions that can give rise to locally coordinated, wave-like activity [Watakabe et al., [2023]].
BioOSS is inspired by these observations and provides a unified, interpretable framework for learning
task-relevant spatio-temporal dynamics (Fig. [Th).

As observed in [Watakabe et al., [2023]], neural circuits tend to organize primary signal-carrying units
into structured rows rather than random patterns. To capture this property, we propose a 2D grid-based
framework composed of two coupled state components: p and o units (Fig. [Tp). p units serve as the
main signal carriers in our model, functionally inspired by pyramidal-cell-dominated activity within
cortical columns [Watakabe et al., 2023]], and exhibit heterogeneous oscillation preferences across the
grid (Fig.[Ik). In parallel, o units act as velocity-like latent states that control phase, effective time
scales, and damping, thereby shaping how local activity evolves and how coordinated, spread-like
patterns emerge at the population level. The resulting grid-structured dynamics can produce wave-like
spatio-temporal patterns beyond simple harmonic components (Fig. [Td). In contrast, purely linear
transformations, such as fully connected layers without non-linearity, only reweight and shift existing
components without introducing richer dynamical structure (Fig. [Tk).

To introduce biologically plausible flexibility, we incorporate trainable parameters that regulate attenu-
ation and oscillation rates, including damping k and a wave-inspired speed parameter c that influences
the effective oscillation rate under a stable diagonal modal update. By learning these parameters from
data, the model adaptively generates task-relevant spatio-temporal activity patterns while remaining
efficient for long-sequence learning. Importantly, BioOSS is not positioned as a full stencil-based
wave solver; rather, it provides a scan-friendly oscillatory state-space parameterization on a 2D grid
that can express coordinated, wave-like activity patterns in a controllable and interpretable manner.
Furthermore, the grid structure provides an interpretable substrate for analyzing learned dynamics,
including mode-based characterizations of the resulting spatio-temporal patterns [ Xia et al., 2024].



In summary, our contributions are:

* We introduce BioOSS, a biologically inspired, grid-structured oscillatory state-space model
that can express coordinated, wave-like spatio-temporal activity patterns on a topographic
substrate, without claiming to be a full stencil-based wave propagation solver.

* We design an efficient trainable framework with flexible damping and wave-inspired rate
parameters, enabling adaptive and stable long-sequence learning via scan-friendly diagonal
dynamics.

* We validate BioOSS through extensive experiments on synthetic and real-world datasets,
demonstrating both competitive performance and enhanced interpretability compared to
baseline architectures.

2 Related Work

Neuroscience Inspiration. Our model is inspired by neuroscience findings that cognitive functions
and information processing are associated with coordinated oscillations across neuronal populations.
Such oscillations, shaped by the interaction between excitatory and inhibitory processes, can give rise
to rhythmic and synchronized activity patterns [Doelling and Assaneo, 2021} [Esghaei et al., [2022].
Recent studies [Watakabe et al., [2023]] suggest that neurons in the prefrontal cortex (PFC) exhibit
a structured, mosaic-like organization, where signal-carrying units interact through intermediate
circuitry and diffuse projections. This anatomical scaffold, together with heterogeneous local time
scales, is believed to support diverse population-level dynamics. Building on these observations, we
design a simplified 2D topographically organized system with two coupled state components. By
learning per-location damping and oscillation-rate parameters, our model can produce coordinated,
wave-like spatio-temporal activity patterns and resonance-like behaviors that qualitatively resemble
population dynamics reported in biological circuits [Foster and Scheinost, [2024; Rigotti et al., 2013].

Comparison to Existing Sequence Modeling Approaches. Sequence modeling captures temporal
structure in both biological and artificial systems. Transformers [Wen et al., 2023|] model dependencies
through attention, RNNs [Torres et al.l 2021]] maintain hidden states over time, and State Space
Models (SSMs) [|Auger-Méthé et al., 2021]] describe latent dynamics via structured recurrences.

Oscillatory SSMs explicitly parameterize rhythmic dynamics. LinOSS [Rusch and Rus|[2025]] derives
scan-compatible recurrences from oscillator dynamics with stable discretizations for long sequences.
BioOSS is related but adopts a different inductive bias: it organizes states on a 2D topographic grid
with heterogeneous per-location parameters and separates signal-bearing (p) from modulatory (o)
components for interpretability. In its scan-optimized form, BioOSS uses diagonal (or approximately
diagonal) modal dynamics, describing wave-like behavior as coordinated spatio-temporal patterns
rather than explicit stencil-based neighbor propagation.

Related directions include grid-based wave models with convolutional couplings (e.g., Neural Wave
Machines [Keller and Welling, [2023])), spectral graph filtering [Balkenhol et al.l 2024], and analog
propagation substrates such as Wave-RNNs [Hughes et al.|[2019] and water-wave reservoirs [Maksy-
mov, [2023]]. These approaches share the goal of oscillation- or wave-inspired computation but differ
in their coupling mechanisms and computational trade-offs.

3 Methods

3.1 Overview of the proposed model

We propose BioOSS, illustrated in Fig. [Th, whose core component is a two-dimensional oscillatory
layer (Fig.[Tp). This biologically motivated model consists of two neuron types: p neurons, which
serve as the primary computational units and carry the signal, and o neurons, which modulate the
effective oscillation rate and phase progression across the grid, shaping how coordinated spatio-
temporal patterns emerge. The spatio-temporal dynamics of the system are described by the following



equations:

% Y EPp+ AV -0 = Bu(t), )
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where p denotes the p neuron value, o = (0, 0,) represents the o neuron values in the  and y
directions, kP and k° are the damping coefficients, c is the wave speed, and u(t) is the external input
at time step ¢, while B is the input weight matrix. For convenience, the system can be expressed in
matrix form as:

—kP —c*V- B B
x'(t) = [—v ke } x(t) + [0} u(t) = Ax(t) + [0} u(t), (3)
where x(t) = [p, O]T and A is the coupling matrix.
The output equation is given by:
y(t) = Cx(t) + Du(?), ©)

where C and D are the linear weight matrices.

Temporal Discretization Scheme. To mitigate the significant computational cost associated with
solving the PDE at each time step, we propose an explicit discretization scheme that generates an
explicit state transition matrix. This approach avoids the need for a solver, enabling more efficient
computation.

We first apply an intermediate coupling update with fixed timestep At as follows:

OZ =Op—1— Atvpn—h (5)
pi=pn_1 — AtV -of + AtBu,. (6)

Next, we apply a damping correction as follows:
(I+ Atk®)o, =0}, @)
(1+ AtkP)pn = py,. ®)

The full update equation is then given by:
X, = 1\/IDamp_11\/IVelocilan_1 + MDamp_lFXelocily — Axn—l + 1\/[Damp_1]:;\;/lelocity7 (9)
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Although A = MDamp™" \Velocity gerves as a coupling matrix to capture internal propagation.

Since MP™ is diagonal by construction, its inverse is obtained by taking the reciprocal of its

diagonal entries:
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where each diagonal entry is simply the reciprocal of the corresponding factor (1 + At kf’ j) or
(1+ Atkg ;) at grid point (i, ).
Therefore, the coupling matrix becomes the following form:
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Since p and o are defined on a discrete IV x IV grid, ¢, kP, and k° are per-cell parameters that may
vary with location (i, j). For spatially constant parameters, the periodic-grid wavenumber basis diag-
onalizes the spatial operators; with spatial heterogeneity, Fourier modes generally mix. To preserve a
scan-friendly diagonal recurrence, we use a wave-inspired per-location modal parameterization and
assume c and k vary weakly so that cross-mode coupling can be neglected.



3.2 Efficient Recurrent Scan Operator

The computational efficiency of BioOSS is limited because the recurrence is inherently sequential and
cannot be parallelized, while the spatial operators (gradient and divergence) must be applied at every
time step. To alleviate this cost, we adopt the scan operator together with an eigendecomposition-
based diagonal approximation of the global state-transition operator. After spatial discretization, the
resulting recurrence couples all grid variables through a large sparse but non-diagonal matrix, which
prevents efficient parallel scan updates. Our approximation restores a diagonal recurrence that is
compatible with associative scan, reducing the cost for long sequences.

The main challenge is that the recurrence induced by these operators breaks the associativity property
(rey)ez = we(yez) [Rusch and Rus} 2025]]. Here, x, y, z denote intermediate system states, typically

represented as tuples (A, MDamp™" FYelocity) combining the system matrix and the input vector at
each step, and e is a binary operation such as (a;,as) e (b1, bs) = (bja;, byjas + bs) [Rusch and
Rusl| 2025]]. As emphasized in recent work on oscillatory state space models [Rusch and Rus} |2025],
associativity is essential because it enables parallel scan operations, reducing the computational
complexity of a serial recurrence from O(N) to O(log N). Following SSM literature [Orvieto et al.,
2023, Rusch and Rus| 2025, we therefore apply eigendecomposition A = PAP ™!, where A is
diagonal. This diagonalization restores associativity and allows efficient scan operations across time
steps, significantly lowering the computational cost of sequential updates.

To find the eigenvalues, we analyze the periodic-grid wavenumber representation, where discrete
gradient and divergence become algebraic multipliers. This is exact for constant coefficients; with
spatially varying c¢ and k, products induce convolutions in £ and mix modes, so we assume ¢ and
k vary slowly and neglect cross-mode coupling to first order (Appendix [A). For spatial frequency

components (&5, &, ) and for each grid point (4, j) with local values of ¢; ;, kf, j»and k7 ;:
Vp = (i&p, i§yp) (12)
V-0 = i€0, +i&y0, (13)
For each Fourier mode (¢, &,) and each local grid point, the system matrix becomes a 3 X 3 matrix:
1 _ PAtig,  PAtig,
1+AtkY 1+ALk] 1+AtkY
Atiy 1 '
TIFAtke,  TFARY, 0 : (14)
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On a bounded N x N grid with periodic boundary conditions, the admissible wavenumbers (&5, &, )
are discrete. In the homogeneous (shift-invariant) case with spatially constant ¢, kP, and k°, the global
discrete operator becomes block-diagonal in this wavenumber basis, with one 3 x 3 block A (&, &)
per discrete wavenumber. The eigenvalues are therefore obtained by solving the characteristic
equation det(A (&, &,) — AI) = 0 for each block, which yields a cubic characteristic polynomial
that can be written in the following factored form:

2 A2(£2 2
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From the factored characteristic equation, we can identify two distinct eigenvalue solutions: a real
eigenvalue corresponding to one component of the velocity field, A\; = and the other two

1
T+ALk7
eigenvalues are the solutions to the right part quadratic term.

Applying the quadratic formula to the factored characteristic equation, a complex-conjugate eigen-
value pair arises whenever the discriminant is negative, corresponding to an oscillatory regime. On
a finite periodic grid, the admissible spatial frequencies (£,,&,) are discrete and bounded by the

grid resolution Az and the grid size, so [|€]| = |/£2 + &2 should be interpreted as chosen from this

discrete set rather than taken arbitrarily large. Under the mild approximation kf’ ; & k7 ;, this yields

the following convenient closed-form expression for an oscillatory complex-conjugate pair:

1 1 1 _ cij A &2 + &5
)\23 :l:l\/( . (16)
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When ¢, kP, and k° are spatially constant, Eq. (T6) matches the eigenvalues of the global shift-
invariant discretized operator indexed by (¢, &,). In BioOSS we allow spatially varying parameters
(e.g., ¢;,5), which breaks shift invariance and generally mixes Fourier modes; thus Eq. (T6) is used
as a wave-inspired per-location modal parameterization for initialization and scan-friendly diagonal
recurrence, rather than the exact spectrum of the full heterogeneous operator.

Given the per-location diagonal modal parameterization in BioOSS, the corresponding modal basis
can also be constructed in closed form. The complete eigenvector matrix is then assembled as follows
(details of the derivation are provided in the Appendix Section [B)):

0 1 1
] At - i€, —At i€,

P=|vi v v;g] = 1+ Atko) A — A1) (L+Atk°)(Ag — A1) | € C°
I At -igy —At-ig,

A+ Ak)(Aa— A1) (IL+AtE2)(As — A1)

Leveraging the scan property and the eigendecomposition of the system matrix, we express the
update operator as A = PAP ™!, where P contains the eigenvectors and A is a diagonal matrix of
eigenvalues. Notably, the inverse P! is computed only per training iteration for the entire sequence,
thereby reducing the computational overhead in iterative evaluations.

3.3 Stability Analysis

The system exhibits a recurrent dynamic structure similar to that in linear state-space models.
Specifically, given the eigendecomposition of the state transition matrix A = PAP ~!, the recurrence
takes the form

X, = Ax,,_; + Bu, = PAP 'x,_; + Bu,, (17)

where PAP ! denotes the eigendecomposition. Unrolling this recursion yields the explicit solution

n—1 n—1
Xp =Y A'Bu, =) PA*P 'Bu,_;. (18)
k=0 k=0

This standard eigenspace expansion of linear recurrences has also been used in oscillatory state-space
models, such as LinOSS [Rusch and Rus| [2025]], which focus on second-order ODE dynamics. Here,
we adopt a similar formulation but extend it to PDE-driven spatio-temporal dynamics in BioOSS.

To ensure stability, all eigenvalues must satisfy |A| < 1. We begin by observing that the real
eigenvalue \; = m < 1lis strictly stable for any positive damping coefficient k7 ; > 0.
i,7 B

For the complex conjugate eigenvalue pair A2 3, we compute their squared magnitude:

Maal® = (2 S At s) (19)
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When both damping coefficients are positive (kﬁ ; > 0and k7 ; > 0), the first term is larger than 1,
while the second term captures the oscillatory contribution induced by the propagation parameter and
the spatial frequency content. In the absence of damping, this oscillatory term can drive | A2 3| above
unity at high spatial frequencies, so stability is not unconditional.

Accordingly, we enforce a conservative CFL-like sufficient constraint during initialization and
training by restricting the effective propagation rate c; ; relative to At, Az, and the damping factors.
Concretely, we use

Az (L DIRE)(L+ Atkg)
I =At V2 ’
where Ax denotes the fixed spatial step. This bound should be interpreted as an implementation-level

stability safeguard (a sufficient condition used via clipping), rather than a proof of unconditional
stability over all spatial frequencies ({,&,).

(20)



3.4 Eigenfrequency Structure and Emergent Selectivity

The eigenvalue structure of the BioOSS system provides insight into its emergent oscillatory behavior
across the spatial grid. Each pair of complex conjugate eigenvalues corresponds to a spatio-temporal
mode governed by the local wave parameters and spatial frequency components. While these modes
are not tied to individual neurons, their frequency profiles shape the collective dynamics of the p-field.
Although eigenvalues are not explicitly computed or used during training or inference, analyzing
them post hoc reveals the types of oscillations the model can support after learning.

In discrete-time systems, complex eigenvalues A = a + b are typically expressed in polar form as
A = re'?, where r = /a2 + b2 denotes the magnitude and § = tan~!(b/a) is the phase angle. This
angle is directly related to the angular frequency of oscillation. As complex eigenvalues arise in
conjugate pairs, a half revolution (7) around the unit circle corresponds to the system’s sampling

frequency A%:’ allowing us to map the eigenvalue phase to a temporal frequency as f = %.

For the dominant eigenvalues )2 3 derived from Eq. (I6), this yields the following closed-form
expression for the local oscillation frequency at each grid point (i, j):

_ 1 1 2ci,; AL/E2 + &
Jii = wAL tan ' @D
o 1 1
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This frequency mapping links each spatio-temporal mode’s oscillatory profile to the local parameters
¢, kP, k° and the wave vector (&, &, ). To empirically validate this interpretation, we assess whether
neurons initialized with distinct eigenmodes exhibit the expected frequency selectivity.

(a) (b) (© ()]

Figure 2: (a) Dominant-frequency map; (b) Spectra at region centers; (c) Time traces (last 200 steps);
(d) Final p-field. Quadrants are initialized for 0-10, 10-20, 20-30, and 30-40 Hz and each resonates
in its assigned band despite identical white-noise input, supporting the eigenvalue—frequency mapping.
Full spectra and time traces are provided in Appendix@

We partition a 64 x 64 grid into four quadrants and initialize each with eigenmodes targeting a
different frequency band (0-10, 10-20, 20-30, 30-40 Hz), using Eq. (ZI). While Eq. (21) defines a
mapping from eigenvalue phase to frequency using At, this interpretation is only meaningful when
At corresponds to a physical time unit. In our synthetic experiments (e.g., white-noise input with
frequency-limited bands), we set At = 10 ms to reflect biologically plausible temporal resolution,
allowing the resulting frequencies to be interpreted in Hz. In contrast, for downstream tasks such
as those in Section [4.2] At is treated as a unitless index (e.g., one step = one hour in the Traffic
dataset), and frequency should be understood as a relative, dimensionless measure rather than a
physical quantity. All regions receive the same white-noise input. Despite identical stimulation, each
quadrant exhibits a dominant-frequency profile matching its assigned band (Fig. [2). This supports the
hypothesis that the eigenvalue phase determines local spectral responses, and demonstrates BioOSS’s
capacity for encoding frequency preferences through spatially structured initialization.

These results offer a mechanistic account of how spatio-temporal selectivity arises in BioOSS, demon-
strating that distinct frequency profiles can emerge even without anatomically imposed groupings.
The resulting frequency-selective regions resemble functional “islands” with coherent internal dy-
namics and spectral specialization. While BioOSS does not currently enforce explicit connectivity
boundaries, similar modular topologies—defined by dense intra-cluster and sparse inter-cluster con-
nections—have been shown to support self-sustained, wiring-efficient dynamics in both biological
and artificial systems Meunier et al.|[2010], Liang et al.|[2022].



3.5 Computational Complexity

The computational complexity of BioOSS scales linearly with the sequence length T, spatial size
HW , and number of layers L. Specifically, the inference cost is O(LTHWd), and the training
costis O(LTHW (d + d?)), where d = HW denotes the dimension of the hidden state. A detailed
derivation of these results is provided in Appendix [C|

4 Results

4.1 Experimental Setting

Baseline This paper primarily focuses on the exploration of oscillatory-based spatio-temporal
model and sequential tasks. Therefore, we do not include Transformer models, as they are end-to-end
frameworks. BioOSS is evaluated against several representative sequential models with recurrent
mechanisms, including the Linear Recurrent Unit (LRU) [Orvieto et al., 2023]], S5 [[Smith et al.,
2022], and LinOSS [Rusch and Rus| 2025]]. While alternative sequential modeling approaches, such
as the Neural Refined Differential Equation (NRDE) [Irie et al.l [2022] and the Neural Controlled
Differential Equation (NCDE) [Kidger et al., 2020], are available, these require solving differential
equations at each time step, leading to significant computational and time overhead. As such, we
exclude these models from our comparison to ensure a fair and efficient benchmarking protocol.

Nonlinear Components The core BioOSS system is linear, but practical implementations include
nonlinear components such as multilayer readouts and self-gating blocks in the model head [Rusch
and Rus, [2025]]. These additions are independent of the oscillatory dynamics and are described in

Appendix D

Hyperparameters and Environment All BioOSS models employed in the experiments adopt
a 2D architecture, with the model size varying across tasks. For each task, the learning rate was
selected through a grid search to ensure optimal performance. A comprehensive summary of all
hyperparameter configurations is provided in the Appendix Section[D] Table[d] All experiments were
conducted using JAX for classification tasks and PyTorch for prediction tasks to ensure consistency
with established baselines, datasets, and evaluation protocols. Models were trained using the Adam
optimizer and executed on a single NVIDIA GeForce RTX 4090 GPU (24 GB memory). Details
on model parameters, GPU usage, and memory consumption are provided in Appendix [D] Tables 3]
and

4.2 Evaluation on Time Series Tasks

The benchmark datasets considered in this section use time steps that do not always correspond
to fixed physical durations. For example, in the Traffic dataset, each step represents one hour. As
a result, while BioOSS captures oscillatory dynamics across time steps, no mapping to physical
frequency units (e.g., Hz) is applied in these experiments. We evaluate the proposed BioOSS model
on two fundamental time series tasks: classification and prediction. Experiments are conducted on
recent benchmark datasets to demonstrate the effectiveness of the bio-inspired architecture.

All models were trained under identical settings, with results averaged over five seeds and a 70:15:15
train/validation/test split. For BioOSS, we tuned the learning rate, while for LinOSS and other
baselines we relied on the official implementations [[Rusch and Rus, [2025]] without grid search. We
note that our reproduced LinOSS results differ slightly from those reported in the LinOSS paper,
which we attribute to environment dependencies, lack of hyperparameter retuning, and the strong
sensitivity of UEA and PPG datasets to the exact random split across Python/JAX environments. Our
aim was not to re-evaluate LinOSS, but to benchmark all models under a unified protocol, presenting
BioOSS as a competitive and interpretable alternative rather than a new state of the art.

4.2.1 Classification

We evaluate the proposed BioOSS model on a recently introduced sequential benchmark presented
in [Walker et al. [2024]], using the same benchmark protocol as in the LinOSS paper [Rusch and
Rusl [2025] to ensure fair comparison and evaluation. This benchmark includes six multivariate time



series datasets from the University of East Anglia (UEA) Multivariate Time Series Classification
Archive (UEA-MTSCA) [Bagnall et al.l 2018]]: EigenWorms (Worms), SelfRegulationSCP1 (SCP1),
SelfRegulationSCP2 (SCP2), EthanolConcentration (Ethanol), Heartbeat, and MotorImagery (Motor).
These datasets exhibit a wide range of sequence lengths and classification complexities, providing a
comprehensive evaluation of model performance under varying temporal and structural characteristics.
The results are summarized in Table [1l

‘Worms SCP1 SCP2 Ethanol Heartbeat Motor
Seq. length 17,984 896 1,152 1,751 405 3,000
#Classes 5 2 2 4 2 2
LRU 894 +54 868+3.1 547+10.1 284+50 700+3.6 558=+6.2
S5 839+41 868+45 519+45 2434+48 7394+3.1 505+42

LinOSS 922+77 859+29 604+57 299406 7T719+26 604472

BioOSS 928 +52 85.6+39 551418 334+10.7 748+2.0 558458
Table 1: Multivariate long-term time series classification results. Accuracy (%) and standard
deviation for each model on six UEA datasets. Best results are shown in red and bold; second-best
results are in blue and underlined. Higher is better.

We report the multivariate time series classification performance of all models across six benchmark
UEA datasets in Table[I] On average, BioOSS achieves the highest accuracy at 66.25%, outperforming
all baselines, followed by LinOSS at 65.12%. BioOSS achieves state-of-the-art results on three
datasets (Worms, EthanolConcentration, and Heartbeat) and secures the second-best performance on
two others (SCP2 and MotorImagery).

Notably, on the challenging Heartbeat dataset, BioOSS attains the best accuracy of 74.8%, improving
upon LinOSS and S5 by 2.9% and 0.9%, respectively. On the long-sequence EthanolConcentration
dataset (1,751 steps), BioOSS also outperforms all baselines, achieving 33.4% accuracy compared to
29.9% for LinOSS and 28.4% for LRU.

In contrast, S5 shows competitive performance only on SCP1 and Heartbeat, while LRU performs
best only on SCP1 and exhibits high variance across datasets. LinOSS demonstrates consistent
robustness, achieving the highest accuracy on SCP2 (60.4%) and the second-best result on Worms
(92.2%). These results highlight the strong generalization ability of BioOSS, particularly for long
sequences and heterogeneous biological and environmental signals.

4.2.2 Prediction

We evaluate the proposed models on the PPG-DaL.iA dataset, a benchmark for heart rate regression
using wearable sensor data. The dataset contains multi-channel physiological and motion signals
collected from fifteen subjects engaged in daily activities. Each subject’s recordings span approxi-
mately 2.5 hours at 128 Hz, covering six input channels: blood volume pulse, electrodermal activity,
body temperature, and triaxial acceleration. To handle the long-range dependencies, we segment the
data using a sliding window of length 49,920 and a step size of 4,992. Following the same evalua-
tion protocol as in the LinOSS paper [Rusch and Rus| |2025], all models are trained with identical
hyperparameter tuning procedures to ensure fair comparison and evaluation. Table 2] summarizes

Model MSE x10~?
LRU 15.64 £1.67

S5 12.79 £0.72
LinOSS 6.4 +0.23
BioOSS 7.7+£0.2

Table 2: PPG-based regression results on the PPG-DaLiA dataset. Mean-squared error (x10~2)
and standard deviation over 5 training runs for each model. All models are trained using the same
hyper-parameter tuning protocol to ensure fair comparison. Best results are shown in red and bold
and second-best results are in blue and underlined. Lower is better.

the average test mean-squared error (MSE) over five independent runs. LinOSS achieves the lowest
MSE, while BioOSS secures the second-best performance. Compared to traditional recurrent and
state-space baselines such as LRU and S5, both LinOSS and BioOSS demonstrate clear advantages



in modeling long-duration dependencies, highlighting the effectiveness of the proposed structured
designs for physiological signals.

To further evaluate predictive capabilities, we assess the models on four additional benchmark datasets
characterized by clear periodic patterns: Electricity, Solar-Energy, Traffic, and Weather [Lai et al.|
2018]]. Dataset splits, look-back sequence lengths, and prediction horizons are aligned with the
cyclic properties of each dataset. The results, summarized in Table [3] further validate the strong
performance of LinOSS and BioOSS across diverse long-term forecasting tasks.

Electricity Solar-Energy Traffic Weather
Timesteps 26,304 52,560 17,544 52,696
Channels 321 137 862 21
Frequency 1 hour 10 mins 1 hour 10 mins
Cyclic Patterns  Daily & Weekly Daily Daily & Weekly Daily
Cycle Length 168 144 168 144
LinOSS 21.875£0.000 22.363 £0.000 68.828 +£0.002  22.288 £ 0.000
BioOSS 18.699 + 0.000 21.873 + 0.003  62.284 £ 0.007 22.232 + 0.000

Table 3: Multivariate time-series forecasting results across four benchmark datasets with
intrinsic patterns. Mean-squared error (MSE x10~2) and standard deviation over 5 training runs
are reported for each model. All models are trained using the same hyper-parameter tuning protocol
to ensure a fair comparison. Best results for each dataset are highlighted in red and bold. Lower is
better.

Table 3] reports the average test MSE over five runs for LinOSS and BioOSS on four multivariate
time series benchmarks. BioOSS achieves lower MSE than LinOSS on all datasets, indicating more
effective modeling of temporal dependencies and periodic structure with comparable model size.

4.3 Oscillatory Dynamics Visualization

To qualitatively examine the internal dynamics of BioOSS beyond benchmark accuracy, we generated
visualizations of emergent oscillatory behavior in the 2D oscillatory layer. Specifically, normalized
logits were extracted from an audio tagging backbone processing a 1-minute audio segment using a
4-second sliding window with a 1-second stride. These logits were then used as point-wise inputs
to BioOSS, with each logit dimension mapped to a local patch of 7-8 grid cells. The system
subsequently evolved under BioOSS dynamics, and the pressure-field (p) values were recorded over
time. The resulting sequences reveal coordinated wave-like spatio-temporal motifs: activity initiated
in one region induces structured oscillatory responses in neighboring regions under the learned grid
dynamics. This dynamic behavior complements the static examples shown in Fig. [[(d—e), providing
direct evidence of emergent spatiotemporal coordination. Animated GIFs of representative sequences
are provided in the Supplementary Material, which contains three audio samples illustrating the
evolution of the p-field under realistic inputs.

5 Conclusion

We proposed BioOSS, a biologically inspired oscillatory state system that captures spatio-temporal
dynamics through wave-inspired, oscillation-driven coordination between pressure-like and velocity-
like states on a 2D grid. By introducing trainable damping and propagation parameters, BioOSS adapts
to task-specific patterns while preserving numerical stability and interpretability. It achieves strong
performance across classification and forecasting benchmarks, particularly excelling in frequency-
selective and long-range temporal tasks. Unlike traditional models, BioOSS offers insight into its
internal dynamics via eigenvalue-based frequency decomposition. While promising, future work
can explore scaling, multimodal integration, and continuous learning. BioOSS offers a step toward
interpretable, brain-inspired computation in Al. A detailed discussion of limitations is included in

Appendix [
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A Fourier Transformation of Differential Operators

In this section, we derive the fundamental relationship between differential operators in physical
space and their counterparts in Fourier space.

A.1 Definitions and Notation

We begin with the definition of the Fourier transform for a function p(r) in R™:

p&) = F{px)} = [ plx)e " dr, (22)

R'IL
where € = [;,&,,...]" is the frequency domain vector.

For simplicity, we focus on the two-dimensional case where r = [z, y] " and € = [¢,,&,]T
A.2 Transformation of the Gradient Operator

We aim to derive the Fourier transform of the gradient of p, denoted by Vp:

F{Vp} = f{ [3’] } (23)

We first evaluate the Fourier transform of the spatial derivative of p, given by F {% }:

FloPl_ / B@Y) -iteertenn) gy dy. 24)
Ox Rz Ox

Focusing on the integration with respect to x, we apply integration by parts:

ap(x y) e a —i&px]>® >~ 0 —il,x
/m o St dy = [p(a, y)e "]~ —/ plz,y) o (e &) da
(

— 00

= lepee]™, - |

— 00

o0

—iye %) dx (25)
= [pla,y)e "7+ i, / pla,y)e” e da.
—0o0
For functions that are sufficiently smooth and decay rapidly as || — oo, the boundary term vanishes:
[p(z,y)e "]~ =0. (26)

Therefore:

/ Ip(z,y) e~ g0 igw/ p(z,y)e =% da. 27)

Ox o

Reintroducing the integration with respect to y:

{ } / / ap () -steesten) g dy
= i€y p(:v y)e e Jo| e MY dy
(28)
lfz/ / (z,y)e —i(€xx+Eyy) dx dy

= i&aP(8a, &y)-

By symmetry, we can similarly derive:

0 .
F { 8];} = i&yD(&a, &y)- (29)
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Thus, for the gradient operator, we have:

Fn =7 || | = [47] —ies (30)
PEEIVE] T L] T
oy Y
This gives the important relationship:
Vp L iep. 31)

A.3 Transformation of the Divergence Operator

For a vector field o = [0,,0,] ", the divergence operator is defined as follows:

do do
Vo= 2+ -2 32
o o + oy (32)
Applying the Fourier transform and using the result from the previous section:
do do
F{V-o}=Fq——+ 2
{v-o} { ox + Jy }
do do
= F! = Fl Y
{8m}+ {33/} )
= 1£,,0, + 1€y0y
=1i£- 0.
This gives the important relationship:
V.o L it 6. (34)
Thus, the Fourier transform converts differential operators into algebraic operations:
0
5 T iw, (35)
Fopn
Vp = i€p, (36)
V.o L it 6. (37)

B Analytical Form of Eigenvectors P

We consider the linearized local system matrix at a grid point (¢, j) in Fourier space:

« —ac?Atil, —ac®Ati, 1 1
A= |—pALIE, B 0 , a=—+— f[= -

Let A be an eigenvalue of A, and v = [v1, va, vg}T its associated eigenvector. We assume without
loss of generality v; = 1 and solve (A — AI)v = 0. From the second and third rows, we obtain

o — BAt &, e — BAL &,
2 = A*ﬂ’ 3 — )\7/8

For eigenvalues A\, and A3 corresponding to oscillatory modes, the associated eigenvectors are

1 1
At -i&, —At-it,

vo= | (I+Ath) Ao — M) |, va= | (1 +Atko) (A5 — A

( Lk ~)z'(§y2 1) (1+ At At)~(i§3; 1)

1+ Atk) (A2 — M) 1+ Atko) (A3 — A1)

In contrast, for the purely dissipative eigenvalue A; = 3, the eigenvectors correspond to vectors in
the nullspace of the first row. A basis can be chosen, for example, as

I
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C Computational Complexity Analysis

The computational cost of BioOSS primarily arises from its spatio-temporal update in the hidden
layer, which is based on finite-difference approximations of a coupled PDE system. We characterize
training and inference complexity as follows.

Let p € RE*XW and 0 = (0%, 0¥) € R2XH*W denote the pressure- and velocity-like states defined
on a 2D grid. At each time step, a BioOSS layer performs:

* Gradient update:

DPi,j —Di—1,5 DPij — Pij—1
Vpij = < Az 7 Az )

» Divergence update:

of . —0F. ol . —o.
V-0, ;= itl,j ) i,5+1 i,
0ij A + Ao
* Damped update:
M=% P
14+ At-ko’ 1+ At-kP

These operations require O(H W) computations per layer per time step, where H x W is the spatial
resolution of the 2D state. Each layer also performs linear projections, gating, and readout on a
hidden state of dimension d = HW, yielding a cost of O(HW - d).

Thus, the total inference cost per layer over 7' time steps is:

O(LTHWd).

During training, gradients must also be computed through the differentiable spatial operators and
projection layers, with weight updates costing O(HW - d?) per layer. Therefore, the total training
complexity is:

O(LTHW (d + d?)).

In practice, the hidden layer dominates both inference and training cost, and the model’s complexity
scales linearly with sequence length 7', number of layers L, and spatial size HW .

D Training Details

Algorithm [I|illustrates the full architecture of the multi-layer BioOSS model. While the main text
focuses on a single-layer formulation, the full model stacks L such layers sequentially. Each layer
integrates two key components: a biologically inspired spatio-temporal propagation mechanism and
a scan-compatible gated update.

Given an input sequence u, the hidden state (") is first updated by solving a PDE-based wave
propagation equation over a 2D neural grid, as defined in Eq. (3). This involves local interactions
between pressure-like p neurons and velocity-like o neurons through spatial gradients and divergence
operators. These updates are governed by trainable wave speed ¢ and damping coefficients kP, k°.

The resulting hidden state is then projected through a linear layer and passed to a gating mechanism,
inspired by LinOSS Rusch and Rus|[2025], but applied on a 2D spatio-temporal field. The gating
update follows:

x(()fl)l = o(WyzW) ® tanh(W,z®) + (1 — o(W,2V)) @ (=1,

where W, and W, are learnable matrices shared across time. This residual formulation promotes
stable deep learning and supports efficient scan operations.

Next, the gated output is mapped via a linear readout: y(*) = Cx(()f])t + Du'=1Y, followed by a GELU
activation Hendrycks and Gimpel| [2016]. A Gated Linear Unit (GLU) Dauphin et al.|[2017]] then
modulates the activations via GLU(z) = o(Wix) o (Waz). The result is added to the previous layer
input to produce u"), which is fed into the next block.
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Algorithm 1 Training Procedure for Full BioOSS Model with Spatio-Temporal Layer

1: Input: Input sequence

2: Output: BioOSS output sequence o after L layers

3: for[ =1to L do

4:  //Step 1: Spatio-temporal PDE-based propagation over 2D grid

Compute gradient: Vp(‘~1) « SpatialGradient(p(*~1))

Compute divergence: V - 0(/~1) < SpatialDivergence(o(!~1))

Update velocity-like neurons: o* < o'=1) — At . Vp=1)

Update pressure-like neurons: p* < p—Y — At (2 @ V- o!=D) + At - Bull=1)
9:  Apply damping: o) < o* /(1 + At - k°), pW¥ < p*/(1 + At - kP)

10:  Hidden state: () « concat(p®), o)

11:  //Step 2: Linear projection and gated residual update (SSM-style)

12:  Linear projection: z(!) < sz(l%

13:  Gating: gate®) « o(W,zW)

14:  Residual gated update: JC((,lu)t +— gate®™ © tanh(z) + (1 — gate®) @ z(-1)
15.  // Step 3: Readout and layer update

16:  Linear readout: y¥ « Cz{) 4+ Dy(=1

17:  Apply nonlinearity: y*) «— GELU(y")

18:  Update input for next layer: u(?) < GLU(y() + u(=1)

19: end for

20: Return final output: o + Wouty(L) + bout

After L layers, the final output is computed as o = Wouty(L ) 4 bout. All operations are parallelized
across time steps, and time indices are omitted from the notation for clarity.

The best-performing hyperparameter configurations for the BioOSS model across all datasets are
summarized in Table 4] These configurations were obtained using the same search procedure
described in the main paper (Sectiond.Z). Due to the high nonlinearity of the BioOSS model, its
performance is highly sensitive to both the learning rate and the spatial grid resolution. Therefore, for
each dataset, we conducted a systematic grid search, exploring learning rates from 0.000001 to 0.005,
hidden dimensions of 16, 32, 64, 128, and 256, and spatial grid sizes of 10x 10, 15x 15, and 20x20.
For each dataset, we report the selected learning rate, hidden dimension size, spatial grid resolution,
and number of blocks. Notably, a single block was sufficient for all cases, while the optimal learning
rate, hidden size, and grid size varied depending on the dataset characteristics.

Model Ir Hidden Dim Grid Size #layers
Worms 0.0001 128 20 x 20 1
SCP1 0.0002 128 20 x 20 1
SCP2 0.00001 128 15 x 15 1
Ethanol 0.00025 16 20 x 20 1
Heartbeat 0.000005 16 20 x 20 1
Motor 0.000004 128 20 x 20 1
PPG 0.0002 128 20 x 20 1
Electricity 0.01 16 10 x 10 1
Solar-Energy 0.01 16 10 x 10 1
Traffic 0.01 16 10 x 10 1
Weather 0.01 16 10 x 10 1

Table 4: Best hyperparameter configurations for BioOSS.

We report the number of parameters, GPU memory usage (in MB), and run time (in seconds) for all
evaluated models across the datasets introduced in Section4.2] The experimental settings for the
baseline models strictly follow those established in [Rusch and Rus| [2025]], ensuring consistency in
both codebase and hardware environment. All experiments were conducted on the same GPU device
to guarantee fair and direct comparability. Table 5| summarizes the model configurations, memory
consumption, and training run time for the time-series classification (TSC) and PPG forecasting tasks,
where all experiments were implemented using JAX. In contrast, Table [6] presents the corresponding
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results for the long-term time-series forecasting (TSP) benchmarks, with experiments conducted in
PyTorch. We note that differences in parallel computation mechanisms between JAX and PyTorch
may account for minor variations in GPU memory usage. Overall, LinOSS and BioOSS exhibit
competitive memory efficiency and favorable run time performance relative to established baselines
such as LRU and S5.

Dataset Config LRU S5  LinOSS BioOSS
#parameters 101129 22007 134279 153549
Worms GPU memory (MB) 18761 18877 18747 18727
run time (s) 138 78 11 15
#parameters 25892 226328 991240 153162
SCP1 GPU memory (MB) 18759 18879 18893 18739
run time (s) 15 4 34 6
#parameters 26020 5652 448072 107002
SCP2 GPU memory (MB) 18781 18881 18853 18741
run time (s) 10 3 46 4
#parameters 76522 76214 6728 16332
Ethanol GPU memory (MB) 18737 18915 18813 18733
run time (s) 4 5 4 9
#parameters 338820 158310 10936 16300
Heartbeat GPU memory (MB) 18503 18885 18835 18741
run time (s) 7 3 5 2
#parameters 107544 17496 91844 153162
Motor GPU memory (MB) 18753 18857 18769 18727
run time (s) 47 26 8 17
#parameters 107544 17496 91844 169416
PPG GPU memory (MB) 18773 18915 18719 18729
run time (s) 107 57 21 17

Table 5: Number of parameters, GPU memory usage (in MB) and run time (in seconds) for selected
models on all datasets from Table E] and Table [2] in Section @

Model Config Electricity Solar-Energy  Traffic Weather
#parameters 91521 67785 161310 52821
LinOSS  GPU memory (MB) 1871 1717 2079 1725
run time (s) 89 70 105 71
#parameters 101129 22007 26119 134279
BioOSS  GPU memory (MB) 1765 1659 1967 1653
run time (s) 170 170 196 162

Table 6: Number of parameters, GPU memory usage (in MB) and run time (in seconds) for selected
models on all datasets from Table [3]in Section 4.2}

E Additional Spatio-Temporal Dynamics Related Results

In this experiment, a spatially partitioned 64 x 64 BioOSS structure was stimulated with white noise
inputs of varying frequency bands (0—10 Hz, 0-20 Hz, and 0-30 Hz) to investigate its frequency-
selective response properties, as shown in Fig. 2] Each quadrant of the grid was designed to exhibit a
distinct natural frequency preference. The dominant frequency response maps (Figs. [3a] 3] and [31)
reveal that each spatial region selectively responds to components of the input signal that match its
predefined natural frequency. When the input white noise was limited to the 0—10 Hz band (first row),
all regions exhibited oscillations concentrated around 10 Hz, as no higher frequency components were
available to activate region-specific resonances. As the input bandwidth increased to 0-20 Hz (second
row), the bottom quadrants began to resonate at their natural frequencies within the lower band, while
the top quadrants, unable to find matching excitations at their designated higher natural frequencies,
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adapted by oscillating around the upper limit of the input band near 20 Hz. This behavior is clearly
observable in the frequency spectra and time-domain responses at selected points (Figs. [3f]and [3g).
Finally, with a 0-30Hz input (third row), the top left quadrant was also able to resonate at its natural
frequency within the newly available band (Figs. 31H3K), whereas the top right quadrant continued to
oscillate predominantly around 30 Hz, indicating that its natural resonance lies beyond 30 Hz and
thus remained driven by the highest available frequencies. The final pressure field snapshots (Figs. 3d]
[3h} and [3]) illustrate the emergent spatial patterns after 2,000 time steps for each input condition.
These observations demonstrate the spatial-frequency selectivity of the BioOSS and its capacity to
filter and respond dynamically to broadband excitations in a region-specific manner.

® ) (k) (O]

Figure 3: Spatially partitioned frequency-selective responses of the 64 x 64 BioOSS under
varying white noise input bands. The three rows correspond to different input frequency bands:
(a)—(d) 0-10 Hz, (e)—(h) 0-20 Hz, and (i)—(1) 0-30 Hz. Within each row: (a, e, i) depict the spatial
distribution of dominant frequencies across the four quadrants of the grid, illustrating distinct regional
frequency responses despite identical white noise excitation; (b, f, j) show the frequency spectra
at the center of each region, highlighting region-specific resonant behavior; (c, g, k) present the
time-domain responses at selected points during the final 200 time steps, reflecting the differentiated
temporal dynamics induced by the frequency-selective properties of each partition; (d, h, 1) display
the final pressure field P after 2,000 time steps, revealing the emergent spatial patterns shaped by the
respective input conditions.

F Limitation

The model’s non-linear dynamics introduce mild training complexity and hyperparameter sensitivity.
Moreover, the linear encoder limits the expression of intrinsic oscillatory behavior, making the model
a partial abstraction of biological signals.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the paper’s main contributions,
including the development of a bio-inspired model to capture the sptio-temporal dependency,
its integration with oscillatory dynamics, and its application to a range of temporal tasks.
These claims are consistently supported by both theoretical insights and experimental results
throughout the paper. The scope of the work are also appropriately framed, ensuring that
the reader has a realistic understanding of the model’s capabilities and generalization poten-
tial. The narrative in the introduction aligns with the broader motivation while accurately
delineating the specific contributions made.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper includes a dedicated "Limitations" section that discusses the main
assumptions underlying our approach and how they might affect the generalizability of
the results. Additionally, we point out potential sensitivity to hyperparameter settings. By
providing a separate section for limitations, we aim to ensure transparency and help readers
understand the scope and boundaries of our claims.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The paper includes several theoretical results, each accompanied by a clearly
stated set of assumptions and formal statements. All theorems, lemmas, and key formulas are
properly numbered and cross-referenced throughout the manuscript. Complete and correct
proofs are provided in the appendix, and for results whose proofs appear in the supplemental
material, intuitive proof sketches are included in the main text to aid understanding. Further-
more, all supporting theorems and lemmas used in the proofs are appropriately cited and
referenced, ensuring clarity and correctness in the theoretical development.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

¢ Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper provides all necessary details to reproduce the main experimental
results, including descriptions of the datasets, model architecture, training procedures,
and evaluation protocols. All hyperparameters are specified, the experiments use public
benchmark datasets.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
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* While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All datasets used in the experiments are publicly available, and appropriate
citations are provided. The complete implementation code is provided in https://github,
com/zjyuan1208/Bio0SS,

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https !
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper specifies all necessary training and testing details, including data
splits, hyperparameter settings, optimizer types. These details are clearly described in the
main text and further elaborated in the appendix, ensuring that the experimental results are
fully understandable and reproducible.

Guidelines:
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* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: All experiments are conducted with 5 different random seeds. The mean and
variance of the results are calculated and reported in the tables to reflect variability. This
ensures a clear and appropriate assessment of the statistical significance of the experimental
outcomes.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper specifies the types of GPUs used for the experiments. Memory usage
and computation time for each experimental run are detailed in the appendix, providing
sufficient information to estimate the resources required to reproduce the experiments.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
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10.

11.

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research fully complies with the NeurIPS Code of Ethics. It respects
principles related to fairness, transparency, reproducibility, and responsible use of resources.
No ethical concerns or deviations from the guidelines are associated with the research
conducted in the paper.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses the broader societal impacts and concludes that the
research primarily has positive contributions, such as advancing scientific knowledge and
potential applications for beneficial technologies. No direct negative societal impacts or
risks of misuse have been identified.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not involve the release of models or datasets with a high risk
of misuse. Therefore, no specific safeguards are necessary.

Guidelines:
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» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The paper makes use of publicly available datasets and baseline models under

their respective licenses for non-commercial academic research. All assets are properly cited,
and their licenses and terms of use are respected as per the original creators’ conditions.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces a new model and provides detailed documentation within
the main text, including the full model architecture, algorithmic flow, and all hyperparame-
ters. While the implementation code is not included in the supplementary material, it will be
released publicly upon acceptance, along with usage instructions.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
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15.

16.

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve any crowdsourcing experiments, research with
human subjects, or the use of human-related data.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve any research with human subjects and thus does
not require IRB approval or equivalent ethical review.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The research does not involve the use of large language models (LLMs) as any
important, original, or non-standard component of the core methodology.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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