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Abstract

Stereo- and scalp-electroencephalography provide multichannel time series that partially observe complex, spa-
tially distributed neural dynamics implicated in focal seizure generation and spread. Clinical decision-making
increasingly seeks computational support that can handle sparse electrode coverage, nonstationary dynamics, and
heterogeneous patient anatomy, while remaining robust to artifacts and modeling mismatch. This paper develops
an uncertainty-aware framework that treats seizures as emergent transitions of a latent neural field evolving on
a patient-specific graph, where nodes represent localized cortical or deep structures and edges encode directed,
time-varying effective influence. We propose a stochastic latent neural-field model that couples continuous-time
dynamics with discrete event modulation to capture pre-ictal drift, ictal recruitment, and post-ictal recovery within
a single probabilistic program. Inference is performed via structured variational methods that yield calibrated
posterior distributions over connectivity, latent states, and regime parameters, enabling principled uncertainty quan-
tification for clinical interpretation. Building on these posteriors, we formulate intervention planning as a constrained
optimal control problem over feasible ablation or stimulation operators, incorporating safety-aware penalties and
sparsity constraints to encourage minimally disruptive strategies. The resulting algorithm produces individualized
intervention scores, target sets, and confidence measures without assuming a single mechanistic cause of seizures.
Experiments on retrospective intracranial and scalp recordings, complemented by anatomically informed simu-
lations, demonstrate improved stability of inferred networks under subsampling and noise, as well as consistent
ranking of intervention candidates across initialization and hyperparameter sweeps. The framework is designed
to be modular, supporting different sensing modalities and operational constraints, and emphasizes transparent
uncertainty reporting alongside predictive performance.

1. Introduction

Epileptic seizures are macroscopic phenomena arising from distributed neural interactions that unfold
over multiple spatial and temporal scales [1]. The practical challenge in electrophysiological monitor-
ing is that recordings provide only a partial, noisy projection of these interactions, with coverage shaped
by clinical hypotheses, surgical considerations, and patient-specific anatomy. Scalp EEG offers noninva-
sive access but suffers from volume conduction, limited spatial specificity, and susceptibility to artifacts.
Intracranial recordings, including depth electrodes, increase localization and signal-to-noise but remain
spatially sparse relative to the underlying circuitry [2]. Computational models used in clinical contexts
therefore face a tension between expressivity and identifiability: richer models can represent nonsta-
tionary propagation patterns, but their parameters may be weakly constrained by limited observations,
increasing the risk of overfitting and unstable recommendations.

A second challenge is that the clinically relevant outputs are not limited to detecting seizures. For
many workflows, the goal is to characterize where seizures originate, how they propagate, and which
interventions are most likely to reduce seizure burden while preserving function [3]. This involves
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Figure 1: End-to-end pipeline: multichannel EEG/SEEG is mapped to a patient-specific directed graph and a switch-
ing latent neural-field SDE. Structured variational inference yields posterior distributions over regimes, trajectories,
and effective influence, which are propagated into robust intervention planning to output target sets with confidence
measures.

combining information across time windows, capturing directional interactions, and explicitly handling
uncertainty due to short recordings, variable seizure morphologies, and incomplete sampling of the
epileptogenic network. In addition, practical deployment requires that algorithms remain robust under
patient-specific variability and operational constraints such as limited compute, missing channels, and
differences in referencing schemes. Work on low-complexity monitoring has emphasized personaliza-
tion and feature selection to tailor performance to individual subjects while controlling computational
costs, exemplified by approaches that adapt channel and feature subsets per patient for wearable-friendly
monitoring [4]. Such perspectives motivate modeling strategies that treat patient identity not as a
nuisance variable but as a first-class component of the inference problem.

A third challenge concerns intervention planning [5]. Whether the intervention is resection, ablation,
or stimulation, the choice of target regions is constrained by anatomy, safety, and functional preservation.
A model that only ranks nodes by a single centrality metric may fail when seizures depend on distributed
loops or when observed nodes are not the true drivers but rather downstream relays. Moreover, any rank-
ing should be accompanied by confidence estimates that communicate when the data are insufficient to
support a stable conclusion [6]. These requirements point toward probabilistic formulations that separate
what the data strongly imply from what is merely plausible under modeling assumptions.
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Figure 2: Multiresolution patient-specific graph: observed contacts/parcels (V,,) are augmented with latent parcels
(V) to express propagation through unsampled tissue. Directed influences are constrained by embedding- and
distance-aware priors and receive regime-specific deviations to capture ictal recruitment patterns.

Table 1: Core quantities in the patient-specific neural-field model.

Symbol Domain Role

G =V,E Graph Patient-specific network of regions and edges
x;t R% Latent state at node ¢

yit R% Recorded signal at node ¢

xt RNz Concatenated latent field over all nodes

yt RNy Concatenated observations

rt Regime index  Background, pre-ictal, ictal, post-ictal phase
ut Control input  Stimulation or other intervention signal

Table 2: Continuous-time dynamics components in the latent neural field.

Term Notation Interpretation Comment

Drift fox,u,r,t Deterministic evolution of zt  Depends on regime and control
Diffusion YordWt Stochastic fluctuations Regime-specific noise level
Linear coupling  Apr,tx Graph-structured propagation  Directed, time-varying operator
Nonlinear term  ¢gx, r,t Local nonlinear dynamics Saturation, feedback, thresholds
Control map Bor, t ut Effect of stimulation on xt Regime-aware input coupling

This paper introduces a unified, uncertainty-aware latent neural-field framework for modeling seizure
dynamics on patient-specific graphs and for deriving intervention policies from inferred posteriors. The
central thesis is that clinically useful seizure-network estimation should be posed as a Bayesian inverse
problem with explicit regime structure, and that intervention planning should be derived as a constrained
control problem over the inferred dynamical operator rather than as a heuristic post-processing step [7].
We develop a continuous-time latent state model with stochasticity and event-modulated parameters,
define an observation model compatible with both scalp and intracranial recordings, and design a struc-
tured variational inference procedure that yields calibrated uncertainties over directed connectivity and
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Figure 3: Regime-modulated latent dynamics: a semi-Markov hazard links a state-derived summary st to switching
among background, pre-ictal, ictal, and post-ictal regimes. The regime index modulates coupling and noise, enabling
transient recruitment while preserving contraction tendencies outside ictal intervals.

Table 3: Regime structure used to describe seizure evolution.

Regime Description Effect on dynamics Typical features

Background Interictal baseline Stable or weakly excitable field Low energy, stationary couplings
Pre-ictal Vulnerable build-up  Increased hazard of transition Slow drift in selected subnetworks
Ictal Active seizure Strong recruitment and spread  Transient instability, higher noise
Post-ictal Recovery phase Damped, altered connectivity Suppressed activity, reconfiguration

latent trajectories. We then use these uncertainties to build robust intervention scores that account for
posterior variability and feasibility constraints. The aim is not to advocate a single mechanistic expla-
nation of seizures, but to provide a mathematically explicit bridge from partial electrophysiological
observations to individualized, uncertainty-qualified intervention recommendations.

2. System Model and Objectives

We represent a patient’s monitored brain regions as a directed graph G = V, E with |V| = N nodes
and weighted edges capturing effective influence [8]. The node set can correspond to electrode contacts,
contact clusters mapped to anatomical parcels, or hybrid constructs that combine contacts and inferred
latent parcels, depending on modality and preprocessing. Let y;¢ € R% denote the recorded signal at
node 7 at time ¢, with yt € RV% the concatenated observation. We posit an underlying latent state
z;it € R% per node, with zt € RV The latent state is intended to capture a compact representation
of local population activity relevant to seizure transitions, not a detailed biophysical description. The
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Figure 4: Structured variational inference: the posterior is approximated by coupled factors over connectivity, obser-
vation parameters, regime paths, and continuous trajectories. A differentiable SDE solver enables reparameterized
sampling and gradient-based maximization of the ELBO for patient-specific calibration.

Table 4: Multiresolution graph representation and embeddings.

Object  Content Purpose Example

Vo Observed nodes Directly measured contacts or parcels  SEEG contacts, EEG regions

Ve Latent nodes Unsampled tissue representation Hidden cortical parcels

Z Node embedding  Encodes anatomy / distance priors MNI coordinates, diffusion map

Wijr,t  Edge weight Directed effective influence Regime-specific coupling strength

Q Weight matrix Defines seizure energy functional Emphasizes high-frequency latent power

principal modeling choice is to treat seizures as regime transitions in the parameters of a latent dynamical
operator that couples nodes through directed influences [9].

A continuous-time formulation is advantageous because it decouples the model from sampling rates
and accommodates irregular segments after artifact removal. We define the latent dynamics through a
stochastic differential equation with regime-dependent drift,

dxt = fg (a:t, ut, rt, t) dt Zg (rt) dWt, with x0 ~ pgxg, 2.1
fo (x, U, T, t) = Ay (7‘, t) T ¢y (x, T t) By (7“, t) ut. 2.2)

Here Wt is a standard Wiener process, uf is an exogenous input representing intervention or stimulation,
and rt is a latent regime process encoding background, pre-ictal, ictal, and post-ictal phases [10]. The
operator Agr,t is a graph-structured linear coupling that captures effective connectivity at regime 7
and time ¢, while ¢g captures nonlinear local dynamics and saturations. The regime process rt can be
modeled as a continuous-time Markov chain or as a semi-Markov process with duration dependence; in
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Table S: Observation models for different electrophysiological modalities.

Modality Observation map hy, Noise model Main challenges

Intracranial (SEEG) Near-identity with gains Gaussian, channel-specific ~ Sparse coverage, local artifacts
Scalp EEG Linear mixing of cortical field ~ Correlated noise Ryt Volume conduction, low SNR
Simultaneous EEG+SEEG  Shared latent field, two maps Joint noise model Cross-modal alignment
Artifact-heavy segments Robust h., or masking Heteroscedastic covariance  Burst artifacts, dropouts

Table 6: Intervention types and their parameterizations in the model.

Class Operator Clinical analogue Constraints

Node attenuation S e0,1VxN Resection, ablation, disconnection Sparsity, functional risk maps
Edge attenuation reo,1V<N Tract disconnection, network surgery  Limited number of modified edges
Continuous input ut Electrical stimulation Amplitude, duty-cycle bounds
On/off control Piecewise-constant ut ~ Responsive stimulation Latency and recharge limits
Combined strategy S, T, u Hybrid surgical + device plan Joint budget and safety constraints

Table 7: Structured variational factorization used for posterior approximation.

Factor Latent variables Representation Role

g0 Dynamics parameters Gaussian or hierarchical prior family Shared across segments
Qv Observation parameters Low-dim Gaussian or structured prior ~ Calibrates h,, and noise
qrr* Regime process Hazard-based discrete-time chain Captures phase transitions
Qx| r Latent trajectories Recognition SDE with drift correction ~ Encodes posterior paths
Auxiliary states  Inference network params  Neural or spline-based maps patient-specific inference

either case, the goal is to allow the coupling and noise levels to change during seizure evolution without
requiring a separate model for each phase.

The observation model maps latent states to measured signals and accounts for referencing, mixing,
and noise. A flexible formulation is

yt = hy(zt,t) e, (2.3)
et ~ N (0, Ryt), (24)

where h., can be linear or weakly nonlinear. For intracranial data, k., can be close to an identity mapping
with node-specific gain and offset; for scalp EEG, h,, can include a mixing matrix that approximates
volume conduction and spatial blur. The noise covariance 2, may be heteroscedastic, reflecting chang-
ing artifact levels. This explicit noise model is important for uncertainty calibration, since overconfident
posteriors often arise from underestimated observation noise [11].

The coupling operator Ayr, t is constrained to respect the graph structure and to support directed
influence. One convenient parameterization is to define a block matrix with d, x d, blocks,

Agr,t = Dgr,t — Lgr,t, 2.5)
Wiir,t Mor i # j,

[Lor 8], =9 O T (2.6)
0 =7,

where W;;r,t > 0 is a directed edge weight and Mpyr is a regime-dependent mixing on latent features.
The diagonal operator Dy collects outgoing weights to ensure stability under certain conditions, but
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Figure 5: Uncertainty-aware robustness: posteriors are refit under montage perturbations and channel dropout. Sta-
bility is summarized via rank correlation and credible-interval overlap of edge weights and intervention indices,
producing explicit flags when recommendations are not well-supported.
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Figure 6: Posterior-robust intervention synthesis: structural attenuations and stimulation inputs are optimized
against an expected seizure-energy cost with sparsity and safety constraints. The relaxed solution is projected to
feasible discrete targets, and benefits are reported with uncertainty from posterior variability.

unlike undirected Laplacians, the directed case requires care. Stability is not imposed globally; instead,
we allow transient instability during ictal regimes while penalizing unbounded growth in background
regimes through priors and regularizers [12]. The weights W;;r,? can be modeled as time-varying
via low-rank factors, splines, or neural parameterizations; however, identifiability improves when time
variation is sparse and coupled to regime transitions.

The computational objectives mirror the clinical questions. The first objective is inference: estimate
posterior distributions over latent trajectories, directed couplings, and regime parameters given obser-
vations. The second objective is prediction: compute probabilities of seizure onset within a horizon, as
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well as likely propagation sequences under posterior uncertainty [13]. The third objective is intervention
planning: find feasible control operators ut or structural modifications to the coupling (e.g., ablation
modeled as edge or node attenuation) that reduce seizure probability or expected ictal energy while
respecting constraints. Graph-based seizure network constructions for intracranial recordings have been
used to characterize spatial distribution and temporal change of ictal events, including clustering nodes
based on inferred propagation structure in pre-surgical evaluation contexts [14]. We use this clinical
motivation only to ground the modeling goals; the technical contribution here is the uncertainty-aware
latent-field formulation and the associated inference-control coupling, rather than a particular choice of
network metric or clustering heuristic.

3. Multiresolution Seizure Field Representation

A key difficulty in seizure modeling is the mismatch between the spatial granularity of measurements
and the underlying neural field. Electrode contacts can be densely sampled in one region and absent in
another, while seizures may recruit tissue outside the sampled set [15]. To address this, we represent
the latent activity as a multiresolution field defined on a graph with both observed and latent nodes. Let
V = V,UV,, where V, corresponds to measured contacts or parcels and V; corresponds to latent parcels
introduced to approximate unsampled tissue. The observation model depends only on V,,, but the latent
dynamics evolve on the full set [16]. This construction allows the model to express propagation paths
that traverse unobserved nodes while remaining anchored by observed signals.

We define a coarse-to-fine embedding of nodes into a low-dimensional coordinate system that
encodes anatomy and distance-based priors. Let z; € R?% be an embedding for node i derived from
anatomical coordinates, diffusion embedding of structural connectivity, or learned representations from
baseline data. The coupling weights can then be expressed as a function of embeddings, [17]

Wijr,tza(gg(zi,zj,r,t)) H(||zi—zj||), 3.1

where o enforces positivity and « is a decaying kernel that encodes the prior belief that long-range
couplings are rarer or weaker absent evidence. The function gg can be parameterized as a bilinear form
plus a low-rank temporal component. This embedding-based parameterization reduces effective degrees
of freedom and improves transfer across patients when embeddings are normalized by anatomy.

Seizure evolution exhibits both smooth drift and abrupt transitions. We capture this by decomposing
the drift into a slowly varying background component and a regime-triggered deviation, [18]

Agr,t = A%t AAgr, (3.2)
Pox,r,t = ¢>2x,t Apgx,T. 3.3)

The background component Agt captures baseline effective connectivity, while AAgyr captures ictal-
specific recruitment effects. This structure allows the model to represent the empirically observed fact
that not all couplings change during seizures; often, a subset of regions exhibits altered gain, altered
directionality, or altered noise. The deviation terms are given sparsity-promoting priors to favor localized
changes.

The regime process rt can be inferred jointly with the continuous state [19]. We define a hazard-
driven semi-Markov model in which the probability of switching regimes depends on the latent state
energy in selected subnetworks. Let 7,.t denote a regime-specific hazard function and let st be a scalar
summary of latent activity, such as a weighted norm over candidate onset nodes. Then,

P(rt dt #rt | Fy) = ne(st,t) di. (34
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This choice allows pre-ictal drift in xt to increase the hazard of an ictal transition, while still permitting
spontaneous switches driven by noise [20]. Importantly, the hazard parameters are treated probabilisti-
cally, which prevents the model from forcing deterministic transition times in noisy recordings.

The multiresolution formulation also enables consistent treatment of different sensing modalities.
For scalp EEG, a latent cortical surface graph can be used as the full graph, with observed channels
mapped through a mixing operator; for intracranial data, the observed nodes can be the contacts and
latent nodes can fill anatomical gaps. The same inference engine can be applied with different A, and
different priors on W;;. In minimally invasive treatment planning contexts, there is interest in deriving
targets for ablation or stimulation from intracranial network analyses that quantify nodal contributions
via directed influence measures and cluster-based summaries [21]. Our approach differs by treating nodal
contribution as a posterior expectation over counterfactual interventions applied to the latent operator,
rather than as a fixed metric computed from a single estimated network [22].

Finally, we define a principled notion of “seizure energy” that can be used both for prediction and for
intervention optimization. Let @) = 0 be a weighting matrix that emphasizes latent features associated
with high-frequency activity or other clinically relevant patterns, and define

Etor =t Qutdt. (3.5)

This functional is not intended as a direct biophysical energy, but as a control-relevant cost that summa-
rizes sustained high-amplitude latent activity [23]. By working with £, we can formalize intervention
design as minimizing expected seizure energy subject to constraints, rather than relying on proxy graph
metrics alone.

4. Variational Inference and Control Synthesis

Inference in the proposed model requires estimating a posterior over continuous trajectories zt, regime
paths rt, coupling parameters 6, and observation parameters . Exact inference is intractable due to
nonlinearities, stochasticity, and discrete regime switching. We therefore employ structured variational
inference with a factorization that preserves key dependencies while remaining computationally feasible
[24]. Let the full latent variable set be E = {z-,r-,60,v¢} and define a variational family ¢\E with
parameters A. A useful structure is

DE = (0) ox(¥) ax(r) ax(z- | ), 4.1

where gyx- | 7 is represented by a continuous-time recognition model that outputs drift corrections
and diffusion terms for an auxiliary SDE whose paths approximate the posterior. This can be viewed as
amortized inference over time with patient-specific inputs, while still allowing per-patient optimization
of \.

We maximize the evidence lower bound,

LN =Ey, [logp97¢y~, E} — Eg, [1og qAE], 4.2)

using stochastic gradient estimators that combine pathwise derivatives for continuous components and
relaxed gradients for discrete regimes [25]. In practice, we represent ¢ on a time grid for computational
tractability, with transition probabilities parameterized by the hazard model. The continuous-time latent
paths between grid points are approximated with a differentiable solver that supports reparameterization
of Brownian increments. This yields gradients of £ with respect to both generative and variational
parameters.

A central technical concern is identifiability [26]. Directed effective connectivity is notoriously con-
founded by common input, volume conduction, and latent sources. Our multiresolution latent node set
partially addresses latent confounding by allowing shared latent drivers, but additional regularization is
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required. We impose a hierarchical prior that encourages sparse deviations from baseline coupling and
discourages implausible long-range directed edges absent data support, [27]

pl exp( - [AWr|1 — 5”_ Kllzi — sz_lW%), 4.3)

where AW is the matrix of regime-specific edge deviations and W79 is the baseline weight matrix.
The kernel term acts as a distance-aware shrinkage. We further stabilize the posterior by penalizing
extreme non-normality of the coupling operator in the background regime, since highly non-normal
operators can create transient growth that mimics propagation without genuine directed interaction. This
is implemented through a soft penalty on the log condition number of the eigenbasis of Ag when it is
diagonalizable, and through a surrogate based on the numerical range otherwise.

Once the posterior is obtained, we define intervention planning as an optimization over admissi-
ble modifications to the dynamical operator and/or exogenous inputs. We consider two broad classes:
structural interventions that attenuate selected nodes or edges (modeling ablation, disconnection, or
lesioning), and input interventions that apply stimulation patterns [28]. Structural interventions are rep-
resented by a diagonal attenuation matrix S € 0, 1V*¥ acting on node states, or by an edge attenuation
matrix " € 0, 1V %" acting on W. For example, an ablation-like intervention on node k can be modeled
by setting Sk = 0, while preserving others. The intervened dynamics become

dot = (Agr,t ©T) (Sat)dt  ¢g(Sat,r,t)dt Zer dWt, (4.4)

where © denotes elementwise product on appropriate blocks. Input interventions use ut with constraints
such as amplitude limits and duty cycles [29]. For either class, we define a posterior-robust objective
that minimizes expected seizure energy over a horizon 0, 7" and penalizes intervention magnitude,

JS, T, u=Eg0,pr [Bpalowrsruorz]]  pil|l —diagS|ly  p2lll = Tll1  psf [lut]|3 dt.
“.5)

The nested expectation formalizes robustness to posterior uncertainty. In practice, we approximate .J
with Monte Carlo samples of 6,1, r from the variational posterior and simulated trajectories from the
intervened dynamics. Gradients with respect to continuous controls can be computed via adjoint sensitiv-
ity in the differentiable solver [30]. For discrete structural choices, we employ a continuous relaxation of
S and I" during optimization and then project to feasible discrete sets consistent with clinical constraints.

To communicate intervention recommendations, we define an intervention sensitivity index for
each node or edge that measures the expected reduction in seizure energy under a small attenuation
perturbation. For node k, define Se, k as Sk = 1 — € and others 1, then

d
ISIk = — % qu\g’w’r [E [50,T$ | 9, ¢, T, SG, ]41” . (4.6)

e=0

A similar definition applies to edges via I' [31]. The index is inherently uncertainty-aware because the
expectation is taken over posterior samples. We also compute credible intervals for ISIk by resampling,
enabling statements such as “node k is consistently high-impact across posterior draws” rather than
absolute claims.

5. Robustness, Identifiability, and Complexity Analysis

Robustness in seizure-network inference is not only a matter of noise tolerance but also of stability under
changes in electrode montage, referencing, time-window selection, and seizure-to-seizure variability.
We analyze robustness through perturbation bounds that relate changes in observations to changes in
posterior summaries, and through computational stress tests that probe sensitivity to subsampling and
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initialization [32]. While full Bayesian robustness guarantees are rarely attainable for nonlinear switch-
ing SDEs, it is still possible to derive informative bounds under simplifying assumptions and to design
diagnostics that flag unstable outputs.

Consider first a locally linearized regime where ¢y is small or has bounded Jacobian and where rt is
fixed over a short window. The dynamics reduce to

dat = Axtdt XZdWt, (GR))
yt=Cuat et,33 (5.2)

with A encoding directed couplings and C' an observation matrix. In this setting, classical results connect
identifiability of A to observability of A, C' and to excitation conditions. However, the directed nature and
the presence of latent nodes mean that C' may be rank-deficient and that multiple A matrices can yield
similar outputs [34]. Our framework mitigates this by restricting A through embedding-based priors and
by coupling regime deviations to sparse changes, but ambiguity remains. We therefore quantify posterior
concentration by examining the Fisher information of the linearized model,

B B T
<aA log py | A) <8A log py | A)

estimated under posterior samples of x¢ [35]. Directions of low information correspond to couplings that
are weakly supported by the data; these typically align with edges involving latent nodes or with long-
range edges suppressed by priors. Rather than forcing point estimates in these directions, the variational
posterior retains uncertainty, which then propagates into intervention indices and prevents overconfident
ranking.

Non-normality and transient amplification pose a specific pitfall: an operator with small eigenvalues
can still exhibit large transient growth, potentially mimicking seizure spread. To separate true propa-
gation from transient amplification artifacts, we analyze the logarithmic norm A and the numerical
abscissa wA, [36]

TA=E , (5.3)

T T
44 ) wA = TA A v, 5.4)

MA = Amax < sup v
2 lollo=t 2

noting that for real matrices these coincide. In background regimes we impose a soft constraint that
1A remains negative beyond a margin, which encourages contraction on average, while still permitting
localized excitability through ¢y. During ictal regimes we relax this constraint, allowing ;1A to become
positive but penalizing overly large values that would imply unphysiological explosive growth over the
time scales observed. This approach yields a tunable balance between flexibility and stability, and empir-
ically reduces the incidence of spurious high-impact nodes that arise solely from transient amplification
[37].

Robustness to subsampling can be studied by comparing posteriors obtained from different node sub-
sets. Let V.1 and V.2 be two observed sets corresponding to different montages, and let ¢* and g2 be the
resulting posteriors. We quantify discrepancy via a symmetrized divergence on a shared set of summary
statistics, such as the distribution of ISIk on the intersection of nodes and the distribution of predicted
seizure energy. A practical diagnostic is the rank correlation of intervention indices across montages,
along with credible interval overlap. If high-impact nodes remain high-impact under subsampling, and
if credible intervals remain separated from zero, recommendations are more stable [38]. If rankings fluc-
tuate widely, the model can surface this as a warning through inflated posterior uncertainty rather than
producing a brittle point estimate.

Computational complexity is driven primarily by the cost of solving the latent SDE and by the number
of posterior samples used in the Monte Carlo approximations. Suppose we discretize time into T’ steps
and use S posterior samples. With NV nodes and latent dimension d, a naive solver has per-step cost
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ONZ2d2 if the coupling is dense, which is prohibitive for large graphs [39]. We therefore enforce sparsity
in W and exploit graph structure to achieve O|FE|d2 per step, where |E| is the number of nonzero
edges. When W is parameterized through embeddings with a kernel truncation, | E| scales approximately
linearly in N for bounded-degree graphs. The total cost per iteration becomes OS T | E| d2 plus the
cost of evaluating ¢g and h,,. Variational parameter updates typically require dozens to hundreds of
iterations per patient depending on data length and model size, motivating careful choices of d,, and of
the time discretization [40].

Despite these optimizations, continuous-time stochastic modeling remains heavier than simple
feature-based detectors. The trade-off is that the model yields rich posterior objects: time-resolved
directed couplings, regime probabilities, and intervention indices with uncertainty. For settings where
compute is limited, we outline a reduced variant in which ¢y is simplified, time variation of W
is removed, and rt is constrained to a small number of change points. This reduced model retains
the Bayesian structure and uncertainty reporting while approaching the complexity profile of more
traditional state-space models [41].

6. Experimental Methodology and Case Studies

We evaluate the framework along three axes: predictive validity of seizure dynamics, stability of inferred
directed networks, and consistency of intervention rankings under perturbations. Because the paper’s
focus is methodological, we design experiments that test whether the inference-control pipeline behaves
sensibly under known ground truth in simulation and whether it yields stable, interpretable posteriors on
retrospective recordings. We use a combination of intracranial segments with annotated seizures, scalp
EEG segments for cross-modality checks, and anatomically informed simulations that embed known
propagation pathways. Throughout, we avoid treating any single dataset or cohort as definitive; the
objective is to stress-test modeling assumptions and to examine uncertainty calibration [42].

In simulation, we generate latent graphs with modular structure, sparse directed inter-module cou-
plings, and regime-specific edge deviations that activate during ictal phases. The latent dynamics
follow the proposed stochastic model with a nonlinear ¢y that includes saturating excitation and local
inhibitory feedback. Observations are produced through either an identity mapping with additive noise
(intracranial-like) or a mixing matrix with correlated noise (scalp-like). We then fit the model with the
same priors used for retrospective data and assess recovery of key structures [43]. Across a range of
noise levels and montage densities, the posterior mean of baseline edges recovers the true sparsity pat-
tern when the signal-to-noise ratio is moderate, while credible intervals widen appropriately as noise
increases. Importantly, when the montage omits a critical driver node, the posterior does not incorrectly
assign high certainty to a surrogate driver; instead, it spreads probability mass over alternative latent-
node explanations, leading to wider intervention-index intervals. This behavior is desirable because it
communicates that the data do not uniquely identify a single target [44].

For retrospective intracranial recordings, we preprocess signals with standard artifact rejection, band-
limited filtering for numerical stability of the observation model, and normalization per channel. We
segment data into interictal, pre-ictal, ictal, and post-ictal windows using clinician-provided annota-
tions when available, but we do not force the regime process to match these labels; rather, we use them
for evaluation by comparing inferred regime probabilities to annotated intervals. The model typically
assigns rising pre-ictal probability in the minutes preceding annotated onset and peaks during the anno-
tated ictal interval, but the timing can differ when recordings exhibit ambiguous transitions. We quantify
predictive validity via log predictive density on held-out segments and via calibration of regime prob-
abilities, checking whether time points assigned high ictal probability correspond to annotated seizure
activity at rates consistent with the probabilities [45]. While calibration is not perfect, the Bayesian for-
mulation allows us to identify patients for whom the model remains uncertain, often corresponding to
seizures with atypical morphology or to poor electrode coverage.

To assess directed network stability, we compute posterior summaries of edge weights and examine
their variability across seizures within the same patient. A recurring pattern is that a subset of edges



soloncouncil 13

exhibits consistent directionality across episodes, while many others remain weak and uncertain [46].
Rather than forcing a dense network, our sparsity priors keep weak edges near zero and widen uncer-
tainty, which improves interpretability. We also compare stability under channel dropout by refitting the
model after removing random subsets of nodes and comparing intervention indices on the remaining
nodes. For many patients, the top-ranked nodes remain within a small set even under moderate dropout,
while credible intervals expand as dropout increases [47]. This suggests that when the data are informa-
tive, the posterior-based ranking is robust; when the data are not informative, the method signals this
through uncertainty rather than producing overconfident changes in ranking.

Intervention planning experiments are performed in two modes. In the first mode, we compute ISIk
for each node and rank nodes by expected energy reduction. In the second mode, we solve the relaxed
structural optimization over S for a fixed sparsity budget, then project to a discrete target set. The relaxed
optimization often selects small sets of nodes whose combined attenuation yields larger predicted energy
reduction than the best single node, reflecting distributed propagation loops [48]. To prevent unrealistic
recommendations, we include feasibility constraints that exclude nodes associated with high functional
risk when such annotations are available, and we limit the spatial spread of targets via embedding dis-
tance penalties. We report not only the top targets but also the posterior variance of the predicted energy
reduction, which distinguishes cases where a target appears beneficial only under a narrow subset of
posterior samples.

A qualitative case study illustrates how uncertainty-aware outputs can change interpretation [49]. In
one intracranial case with unilateral temporal involvement, the posterior concentrates on a small set of
temporal nodes with consistent outgoing influence during ictal regimes, and the intervention indices for
these nodes are high with tight intervals. In another case with bilateral involvement and sparse cover-
age, the posterior assigns moderate probability to multiple propagation hypotheses, producing several
candidate targets with overlapping intervals. In the second case, a point-estimate network method might
still output a single ranked list without conveying ambiguity, whereas the posterior intervals here explic-
itly show that the ranking is not definitive [50]. This distinction matters for clinical translation: a stable,
high-confidence recommendation is qualitatively different from a plausible but uncertain hypothesis.

We also examine how the model behaves when applied to scalp EEG segments for seizure prediction
rather than localization. The observation model with mixing and correlated noise yields broader posteri-
ors over coupling, as expected, but regime inference and short-horizon prediction can remain useful. In
these settings, intervention planning is less direct because scalp nodes are sensors rather than anatomi-
cal targets; however, the same latent-field approach can be used to infer an underlying cortical graph if
source priors are available [51]. The broader lesson is that the framework is not tied to a single modal-
ity; instead, it provides a consistent probabilistic language for combining partial observations, directed
interactions, and interventions.

Finally, we test sensitivity to hyperparameters such as sparsity weights, kernel length scales in «,
and the latent dimension d,. We observe that predictive performance often saturates beyond modest
d,, while intervention rankings become less stable when d, is too large relative to data length, consis-
tent with over-parameterization [52]. Sparsity weights control a stability-interpretability trade-off: too
little sparsity yields diffuse networks and unstable indices, while too much sparsity can suppress true
propagation edges and push the model to explain dynamics through nonlinear local terms. We therefore
recommend choosing sparsity weights via validation on held-out windows and by checking posterior
predictive residuals, rather than fixing them globally. These experiments reinforce the importance of
uncertainty reporting: when hyperparameter changes significantly alter rankings, the corresponding pos-
terior intervals often widen, indicating that the data do not decisively support a single configuration
[53].

7. Conclusion

This paper presented an uncertainty-aware latent neural-field framework for modeling seizure dynam-
ics on patient-specific graphs and for deriving intervention-relevant recommendations from inferred
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posteriors. By combining continuous-time stochastic dynamics with regime-modulated operators, the
approach captures smooth drift, abrupt ictal transitions, and heterogeneous propagation patterns within
a single probabilistic model. A multiresolution node representation accommodates sparse electrode cov-
erage by introducing latent parcels that can mediate propagation, reducing the pressure to attribute all
effects to observed contacts. Structured variational inference yields posterior distributions over directed
connectivity, latent trajectories, and regime processes, enabling explicit uncertainty quantification rather
than brittle point estimates [54]. Building on these posteriors, intervention planning was formulated as
a constrained optimization problem over feasible structural attenuations and/or stimulation inputs, with
recommendations summarized through posterior-robust intervention sensitivity indices and credible
intervals.

The main methodological implication is that seizure-network estimation and intervention targeting
can be treated as coupled inference and control problems, where uncertainty must be propagated from
data through dynamics to recommendations. This perspective helps distinguish stable, data-supported
targets from ambiguous cases where multiple hypotheses remain plausible [55]. The framework is inten-
tionally modular: different observation models can be inserted for scalp or intracranial recordings, and
different feasibility constraints can encode clinical safety considerations. Future work can extend the
regime model to incorporate longer-term circadian or medication effects, integrate multimodal priors
such as imaging-derived structural connectivity, and improve computational efficiency through tai-
lored solvers and sparsity-aware implementations. Equally important, future evaluation should focus
on prospective studies and on human-in-the-loop protocols that determine how uncertainty-qualified
recommendations affect decision-making, rather than solely on retrospective agreement. The broader
goal is to enable computational tools that are technically rigorous, transparent about uncertainty, and
adaptable to the realities of patient-specific electrophysiological monitoring [56].
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