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Abstract
Interictal epileptiform discharges (IEDs) are the principal electro-
physiological biomarker of epilepsy, yet their automatic detection
from short physiological windows remains difficult: the discharges
are rare, morphologically diverse, buried in ocular and muscular
artifacts, and their statistics vary strongly across patients and acqui-
sition sessions. We tackle this problem using multimodal recordings
that pair scalp electroencephalography (EEG) with electrocardiog-
raphy (ECG) and electromyography (EMG), and argue that a fixed
feed-forward network is poorly matched to such heterogeneous,
shifting inputs. We instead propose a context-conditioned spatio-
temporal network that decouples what is computed from how it is
adapted. A signal trunk first extracts per-channel temporal morphol-
ogy with a shared convolutional frontend and a dilated temporal
convolutional network then models cross-channel and cross-modal
dependencies with a channel-wise Transformer over the 26 phys-
iological nodes. In parallel, a lightweight context branch summa-
rizes each recording into a latent vector by fusing a variational
time-domain statistical embedding and a modality-aware spectral
embedding through a learned per-dimension convex combination.
This latent conditions the entire trunk through feature-wise lin-
ear modulation (FiLM) at twenty-three normalization and feature
points, allowing the network to re-parameterize its computation
per recording without any test-time weight update. A five-way
discharge-subtype head provides auxiliary weak supervision on
positive windows. On the NeuroMM 2026 Track 1 benchmark, the
proposed model reaches 0.9531 area under the precision–recall
curve (AUPRC) as a single model, and multi-split probability av-
eraging further raises it to 0.9693. Ablations show that temporal
modeling, cross-channel aggregation, fused context conditioning,
and moderate auxiliary supervision each contribute, with context
conditioning being the single largest architectural factor.
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1 Introduction
Epilepsy is among the most common serious neurological disorders.
In 2021, it affected an estimated 51.7 million people worldwide and
accounting for a large share of the global neurological disease bur-
den [8]. Clinically, epilepsy is defined by an enduring predisposition
to generate epileptic seizures [7], and its diagnosis and monitor-
ing rely heavily on EEG, which records cortical electrical activity
at millisecond resolution [12]. Between overt seizures, the brain
of a person with epilepsy intermittently produces IEDs—transient
spikes and sharp waves lasting tens to a few hundred milliseconds.
Because they can be captured in routine recordings without waiting
for a seizure to occur, IEDs serve as one of the primary electrophys-
iological biomarkers for establishing epileptogenicity, localizing
epileptic foci, and guiding clinical treatment. However, identifying
IEDs remains a labor-intensive visual task that requires experts to
inspect hours of multichannel EEG recordings and is subject to sub-
stantial inter-rater variability, making reliable automated detection
of considerable clinical value [15].

Although EEG provides the most direct representation of IEDs,
automatic detection remains challenging. EEG signals are highly
non-stationary and exhibit a low signal-to-noise ratio, while ocu-
lar, muscular, and movement artifacts frequently resemble genuine
epileptiform discharges [3, 18, 24]. More importantly, the amplitude,
spectral characteristics, and channel reliability of EEG recordings
vary substantially across patients and even across recording ses-
sions, leading to severe distribution shifts that have been widely
recognized as a major obstacle to deployable EEG deep learning
systems [23, 24]. In addition, IEDs occur only sparsely relative
to background activity, resulting in severe class imbalance [28].
Consequently, clinically useful detectors should prioritize accurate
ranking of candidate events rather than relying solely on a fixed
classification threshold [13, 18, 26].

These challenges suggest that robust IED detection requires
models capable of adapting to heterogeneous clinical recordings.
On the one hand, relying solely on EEG makes it difficult to dis-
tinguish true epileptiform discharges from physiological artifacts,
whereas complementary physiological signals such as EMG and
ECG provide valuable contextual information and have been shown
to improve epileptic event detection when jointly modeled with
EEG [30]. On the other hand, the substantial statistical variability
across recordings calls for models that can adapt their internal
computation to the characteristics of individual recordings rather
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than applying identical transformations to every sample. Further-
more, temporal statistical information and spectral representations
capture complementary properties of physiological signals, and
effectively integrating these sources of contextual information is
essential for improving robustness and generalization [10].

Motivated by these observations, we propose a context con-
ditioned spatio-temporal network for multimodal IED detection.
The proposed framework jointly models EEG, ECG, and EMG sig-
nals to learn temporal morphology, cross-channel interactions, and
cross-modal dependencies, while leveraging recording-level contex-
tual information to dynamically modulate feature representations
throughout the network. By adapting its computation to each indi-
vidual recording, the proposed framework is better suited to handle
the heterogeneous and distribution-shifted nature of real-world
clinical data.

Our contributions are summarized as follows.

• A context-conditioned multimodal spatio-temporal
framework for IED detection.We propose a unified frame-
work that jointly models EEG, ECG, and EMG signals, com-
bining spatio-temporal feature learning with recording-level
context conditioning to improve robustness against cross-
patient and cross-session distribution shifts.

• A statistical–spectral context encoding mechanism.
We develop a recording-level context representation by in-
tegrating temporal statistical information with modality-
aware spectral features, enabling adaptive feature modula-
tion throughout the network without requiring any test-time
optimization.

• An auxiliary multi-task learning strategy.We introduce
discharge-subtype prediction as an auxiliary supervision
task to enhance representation learning and improve the
robustness and generalization capability of the proposed
detector.

2 Related Work
One active line of recent work makes the spatial structure of the
electrode array explicit through graph models. Tang et al. modeled
dynamic brain connectivity with a graph neural network and self-
supervised pre-training, improving both seizure detection and the
classification of rare seizure types, at the cost of requiring a large
unlabeled corpus for pre-training and an EEG-only montage [25].
Hajisafi et al. extended this direction with NeuroGNN, a dynamic
graph network that jointly captures spatial, temporal, semantic, and
taxonomic correlations among electrodes and brain regions and
reports state-of-the-art detection and classification, but its graph is
constructed from EEG electrode geometry alone and does not ac-
commodate non-cortical modalities [9]. These models confirm that
cross-channel relations are informative—an intuition our channel-
wise Transformer also exploits—yet neither conditions the network
on the statistics of the recording in front of it.

A second line targets interictal discharges directly and, in par-
ticular, generalization across patients. Zheng et al. proposed Scat-
terFormer, a locally-invariant scattering Transformer for patient-
independent multispectral detection of epileptiform discharges,
explicitly optimizing for cross-patient invariance, but it relies on
fixed scattering features and a single EEG modality [31]. Chung

et al. trained deep models for automated detection and multiclass
classification of focal IEDs by cortical region, a setting close to our
joint binary-plus-subtype objective, yet used region-specific models
on a single-center cohort, which limits transfer to new sites and
montages [6]. Albaqami et al. proposed MP-SeizNet, a multi-path
CNN–BiLSTM that fuses wavelet features with raw EEG for seizure-
type classification, but the large gap it reports between seizure-wise
and patient-wise F1 again exposes the cross-patient generalization
bottleneck [1].

A third line broadens the input beyond cortical channels or
develops richer physiological-signal representations, including ap-
proaches designed for cross-dataset transfer. Zhang et al. showed
that fusing wearable EEG with EMG and accelerometry improves
tonic-clonic seizure detection over any single modality, confirming
that non-cortical signals carry complementary epileptic and artifact
information, though their pipeline targets convulsive events with
hand-designed modality fusion rather than end-to-end condition-
ing [30]. Yang et al. proposed BIOT, a biosignal Transformer that tok-
enizes each channel to learn across datasets with mismatched chan-
nels, lengths, and modalities including EEG and ECG, directly con-
fronting distribution shift, but it addresses heterogeneity through
tokenization rather than by adapting a task-specific backbone to
each recording [29]. Jiang et al. pushed this further with LaBraM,
a large EEG foundation model pre-trained on thousands of hours
of data for cross-dataset generalization, at the cost of substantial
pre-training data and compute [14]. Liang et al. introduced EEG-
VL, which maps multichannel EEG into visual representations and
couples a pretrained vision encoder with a large language model
for seizure detection [17]. More recently, Ma et al. proposed E2-
LLM, which aligns pretrained EEG representations with large lan-
guage models for interpretable neural-signal analysis [20]. These
approaches, however, remain centered on EEG and do not explicitly
exploit complementary physiological modalities such as ECG and
EMG.

In summary, recent work has advanced graph-based spatial mod-
eling, patient-independent discharge detection, and cross-dataset
foundation models, and has confirmed the value of both multimodal
signals and discharge-type labels—but most systems remain EEG-
only, apply a fixed processing pipeline to every recording, and treat
type labels as a separate downstream task.

3 Methodology
3.1 Overview
Figure 1 summarizes the model. It comprises a signal trunk and a
context branch. The trunk maps a 26-channel physiological window
into node-level temporal representations, aggregates them across
channels, and produces a detection logit. The context branch re-
duces an (unlabeled) context batch, namely the current forward
batch of windows itself, into a single latent vector z, which con-
ditions the trunk at every normalization and feature-modulation
point. The two branches interact only through z: the trunk never
sees the raw context statistics, and the context branch never sees
trunk gradients through the detached context input.
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Figure 1: Overall architecture. The signal trunk (blue shaded) processes the multimodal window through robust normalization,
a shared per-node frontend, a dilated temporal convolutional network, temporal attention pooling with node-level modulation,
a channel-wise Transformer, and two prediction heads. The context branch (yellow shaded) extracts prior statistical and spectral
descriptors, encodes them into time and frequency encoder, and fuses them by a per-dimension convex gate into the context
latent z, which drives all twenty-three FiLM points (pink blocks).

3.2 Input Representation and Preprocessing
Each sample is a 26-channel window comprising 23 EEG-side chan-
nels, one ECG channel, and two EMG channels, of length 2000 sam-
ples at 500 Hz (4 seconds). We apply a single zero-phase, forward–
backward 0.3 Hz high-pass biquad to remove slow baseline drift
while preserving the timing and shape of fast transients; no down-
sampling or band-limiting is performed, so discharge morphology
is left intact. Each channel is then normalized independently per
sample with a robust median/MAD 𝑧-score,

𝑥𝑐,𝑡 = clip
(

𝑥𝑐,𝑡 −𝑚𝑐

1.4826MAD𝑐 + 𝜖
, −8, 8

)
, (1)

where𝑚𝑐 = median𝑡 (𝑥𝑐,𝑡 ), MAD𝑐 = median𝑡 |𝑥𝑐,𝑡 −𝑚𝑐 |, and 𝜖 =

10−3. The median/MAD estimator and the ±8 clip make the normal-
ization insensitive to the very spikes and artifacts we wish to detect,
which a mean/standard-deviation scaling would let dominate. Dur-
ing training we additionally apply EEG channel dropout, which
zeroes a small random subset (up to three) of the EEG channels per

sample, regularizing the model against channel-level acquisition
failures while leaving the ECG and EMG channels intact.

3.3 Signal Trunk
The trunk treats each of the 26 channels as a node and proceeds
in two stages: within-node temporal modeling, then cross-node
spatial modeling.

Per-node frontend. A single EEGNet-style stem is shared across
all nodes andmaps each raw one-dimensional sequence to an 𝐹2=64-
dimensional temporal feature map. It applies a temporal convolu-
tion, a 1 × 1 convolution that lifts the channel dimension, a FiLM-
conditioned group normalization, an ELU non-linearity, average
pooling, and dropout; then a depthwise convolution, a pointwise
1× 1 convolution, a second FiLM-conditioned group normalization,
ELU, average pooling, and dropout. The two pooling stages reduce
the 2000-sample input to a 125-step feature map per node. This
is the same lightweight, physiologically motivated inductive bias



NeuroMM ’26, October 2026, Dublin, Ireland He et al.

popularized for compact EEG decoding [16], here made context-
adaptive through its two FiLM normalizations.

Context temporal network. Temporal context is modeled by six
residual blocks of a dilated causal temporal convolutional net-
work shared across nodes [5, 11]. Block 𝑙 contains two weight-
normalized dilated causal convolutions of kernel size 5 with di-
lation 2𝑙 for 𝑙 = 0, . . . , 5 (i.e. 1, 2, 4, 8, 16, 32), each followed by a
FiLM-conditioned group normalization, an ELU, and dropout, with
a residual connection:

h(𝑙+1) = ELU
(
h(𝑙 ) +𝐺𝑙

(
h(𝑙 ) , z

))
, (2)

where 𝐺𝑙 is the two-convolution, FiLM-modulated transformation
and z is the context latent. The exponentially growing dilation
gives the six-block stack a receptive field that spans the whole
window while keeping the block count small. A temporal attention-
pooling layer then collapses each node from 125 steps to a single
64-dimensional vector, yielding a node representation of shape
[𝐵, 26, 64].

Node modulation and channel-wise Transformer. Before spatial
mixing, a node-level FiLM transform modulates the pooled node
features and a learned node positional embedding is added. This
is the only point where FiLM acts directly on a feature map rather
than on a normalized activation. Cross-channel and cross-modal
structure is then modeled by three Transformer blocks operating
over the 26 nodes [27]. Each block applies a FiLM-conditioned
layer normalization, multi-head self-attention with four heads, a
residual addition, a second FiLM-conditioned layer normalization,
a feed-forward network with ELU activation, and a second resid-
ual addition. Separating the stages in this way lets the temporal
network specialize in within-channel discharge morphology while
the Transformer learns which channels and modalities agree—so
that, for example, a sharp transient consistent across neighboring
EEG nodes but absent from EMG is treated differently from one
that coincides with a muscle burst.

Readout and heads. A final FiLM-conditioned layer normaliza-
tion is followed by a readout that concatenates node-wise mean
pooling and node-wise attention pooling into a 128-dimensional
vector, which passes through a last FiLM-conditioned layer normal-
ization. A two-layer MLP produces the binary IED logit. During
training only, a second two-layer MLP predicts one of five discharge
subtypes from the same pooled vector (Section 3.5).

3.4 Fused Statistical–Spectral Context
The context branch (Figure 2) summarizes a context batch c; when
no external context is supplied, the current batch is reused, and
in all cases c is detached so no trunk gradient flows into it. We
distinguish a prior feature extractor Φ from an encoding network
𝐸: Φ produces interpretable physical descriptors, and 𝐸 maps them
to a latent.

Statistical encoder. Φtime computes six statistics per channel—
mean, log standard deviation, median, log scaled MAD, log root-
mean-square, and log line length—and concatenates them over the
26 channels into a 156-dimensional descriptor. The encoder 𝐸time
is a layer normalization followed by two linear–GELU stages and

Figure 2: Statistical–spectral convex fusion. Prior descriptors
Φtime and Φfreq are extracted from the detached context batch
and encoded into ztime (variational) and zfreq (zero-initialized).
A learned per-dimension gate 𝜶 = 𝜎 (𝜽𝑔) forms the context
latent z that drives FiLM generation.

two parallel linear heads producing a mean 𝝁 and a log-variance
log𝝈2 over a 32-dimensional latent. We treat this as a variational
encoding and, during training, sample

ztime = 𝝁 + 𝜏 𝜺 ⊙ exp
( 1
2 log𝝈

2), 𝜺 ∼ N(0, I), (3)

with a small noise scale 𝜏 ; at inference ztime = 𝝁. The log-variance
head is initialized to a small value, so the injected noise is negligi-
ble early in training and acts as a mild stochastic regularizer that
discourages the context latent from overfitting recording-specific
idiosyncrasies.

Spectral encoder. Φfreq computes eighteen modality-aware de-
scriptors, six per modality, from a Hann-windowed periodogram.
For EEG it takes the log band powers in the delta (0.5–4Hz), theta (4–
8 Hz), alpha (8–13 Hz), low-beta (13–16 Hz), high-beta (16–30 Hz),
and gamma (30–80 Hz) bands, mean-pooled across the 23 EEG chan-
nels so that the EEG contributes a single representative six-vector
rather than a per-channel one. For ECG it takes log RMS, log mean
absolute slope, log power in the heart-rate band (0.7–3.5 Hz), the
normalized dominant heart-rate frequency, log power in a low-
frequency modulation band (0.04–0.5 Hz), and log power in the
QRS band (5–25 Hz). For EMG it takes log RMS, the zero-crossing
rate, the normalized mean and median frequencies, and log power
in the 20–50 Hz and 50–150 Hz bands. The encoder 𝐸freq is a layer
normalization, a linear–GELU stage, and a final linear projection to
the same 32-dimensional latent; its final layer is zero-initialized, so
zfreq = 0 at the start of training.

Convex fusion. The context latent is a per-dimension convex
combination of the two encodings,

ct = Φtime (c),
cf = Φfreq (c),
zt = 𝐸time (ct),
zf = 𝐸freq (cf ),
𝜶 = 𝜎 (𝜽𝑔),
z = (1 − 𝜶 ) ⊙ zt + 𝜶 ⊙ zf ,

(4)
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where 𝜽𝑔 ∈ R32 is a learned per-dimension gate and ⊙ is element-
wise product. Unlike a single scalar mixing weight or an uncon-
strained additive fusion [4], the per-dimension convex gate lets each
latent coordinate independently decide how much to rely on the
spectral description, while the convex constraint keeps the fused la-
tent on the same scale as its constituents. Because zfreq starts at zero,
z = ztime at initialization: the model begins as a purely statistics-
conditioned network and admits spectral information only as it
earns gradient, a warm start that we found important for stable
training. After training, 𝜶 is a one-tensor readout of how much
each dimension came to depend on frequency content.

3.5 FiLM Conditioning and Auxiliary
Supervision

Every conditioning point uses the same feature-wise linear modu-
lation operator [22]. For a point with𝐶 channels, a small generator
maps the shared latent to a scale and a shift,

(𝜸 , 𝜷) = 𝑠 · tanh
(
𝑊2 GELU(𝑊1z)

)
,

ĥ = Norm(h) ⊙ (1 +𝜸 ) + 𝜷,
(5)

where𝑊1 ∈ R64×32,𝑊2 ∈ R2𝐶×64, Norm is the point’s affine-free
group or layer normalization (identity at the single node-level
point), and 𝑠 = 0.5 bounds the modulation. Each generator’s output
layer is zero-initialized, so at the start of training 𝜸 = 𝜷 = 0 and
every FiLM point is an identity map, giving the whole condition-
ing mechanism a warm start consistent with the zero-initialized
spectral path. The trunk contains twenty-three such points: two
in the frontend, twelve in the six temporal blocks, one at the node
representation, six in the three Transformer blocks, and two in
the final and head normalizations. Distributing conditioning this
densely lets the context latent reshape the computation at every
scale—filter responses, temporal residuals, attention statistics, and
the pooled readout—rather than only at the input.

The primary objective is binary IED detection. During training,
the same pooled 128-dimensional readout also feeds a five-way
head predicting the discharge subtype of positive windows; this
label is undefined for negatives and is masked out of the auxiliary
loss. The total loss is

L =
1
𝑁

𝑁∑︁
𝑖=1

[
LBCE (𝑦𝑖 , 𝑦𝑖 ) + 𝜆aux 𝑦𝑖 LCE (𝑢𝑖 , 𝑢𝑖 )

]
, (6)

where 𝑖 indexes the 𝑁 windows in a batch and 𝑢𝑖 ∈ {1, . . . , 5} is
the discharge subtype. Since 𝑦𝑖 ∈ {0, 1}, the factor 𝑦𝑖 zeroes the
auxiliary term on negative windows, so the subtype loss is applied
to positive windows only. The auxiliary head is a purely training-
time regularizer that encourages subtype-discriminative structure
in the positive representation, in the spirit of using type labels
to sharpen detection [1, 25]; it is discarded at inference, so the
deployed model is exactly the binary trunk. We use 𝜆aux = 0.2 in
the final single model.

4 Experiments
4.1 Dataset and Protocol
We evaluate on Track 1 of the NeuroMM 2026 Grand Challenge [21],
built on the clinically grounded vEpiSet recordings [19]. The bench-
mark comprises 84 subjects (52 with epilepsy, 32 controls) and
roughly 25,400 four-second epochs, each a 26-channel window
(23 EEG, one ECG, two EMG) at 500 Hz, split patient-disjointly
into 20,298 training and 5,128 validation epochs. Positive (IED-
containing) epochs are markedly rare—about 2,500 against nearly
23,000 negatives in the source recordings [19]—so the problem is
severely class-imbalanced. Each epoch carries a binary label indicat-
ing whether it contains an interictal epileptiform discharge and, for
positive epochs, one of five discharge categories defined by spatial
distribution (generalized, frontal, temporal, occipital, and centro-
parietal). Because discharges are rare and the clinically meaningful
goal is to rank suspicious windows ahead of abundant background,
we take the area under the precision–recall curve (AUPRC) as the
primary metric and report accuracy (ACC), precision, recall, bi-
nary F1, and weighted F1 (WF1) as secondary threshold-dependent
diagnostics.

The released recordings provide a 29-electrode sequence, Fp1,
Fp2, F3, F4, C3, C4, P3, P4, O1, O2, F7, F8, T3, T4, T5,
T6, Fz, Cz, Pz, PG1, PG2, A1, A2, ECG1, ECG2, EMG1, EMG2,
EMG3, EMG4 [19]. Following the official baseline preprocessing [21],
we map this sequence to the 26-channel model input. The first 23
channels are kept in order and comprise the 19 standard 10–20 scalp
electrodes together with four auxiliary/reference electrodes (PG1,
PG2, A1, A2); the three remaining physiological channels are formed
as bipolar derivations ECG = ECG1 − ECG2, EMG1 = EMG1 − EMG2,
and EMG2 = EMG3 − EMG4. The resulting input order is the 23 EEG-
side channels Fp1, . . . ,A2, followed by ECG, EMG1, and EMG2. This
alignment matches the channel layout visualized in Figure ?? and
consumed by every model in this paper, and Figure ?? illustrates
why the task benefits from all three modalities: genuine cortical
discharges must be distinguished from the muscular and cardiac
transients that dominate the EMG and ECG traces.

4.2 Training Details
All models are trained from scratch under the patient-disjoint split
with mini-batch optimization and a cosine schedule with warmup.
The final single model uses the temporal-plus-Transformer back-
bone with fused statistical and spectral context and 𝜆aux = 0.2.
Robust median/MAD normalization, the 0.3 Hz high-pass, EEG
channel dropout, and positive-only subtype supervision are applied
as described above; the auxiliary head is active only during training.
For the ensemble results we independently train models on differ-
ent patient-wise splits and average their predicted probabilities at
inference. We compare against compact EEG baselines re-trained
under the same protocol—EEGNet in a small and a medium config-
uration [16], EEG-TCNet [11], ATCNet in a small and a medium
configuration [2], and a one-dimensional ResNet-18—and against
architectural and context ablations of our own model.
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Figure 3: Representative 26-channel physiological windows from the NeuroMM 2026 Track 1 dataset [19]. The left panel
shows a negative window without an IED, and the right panel shows a positive window containing an interictal epileptiform
discharge. The traces are displayed after the project-defined channel alignment and median centering and scaling applied only
for visualization. The model input contains 23 EEG-related channels, one bipolar ECG channel, and two bipolar EMG channels.

5 Results
5.1 Comparison with Baselines
Table 1 compares the proposed model with compact EEG base-
lines. The strongest baseline by AUPRC, EEGNet-m, reaches 0.8225,
whereas the proposed model reaches 0.9531, an absolute gain of
0.1306. Among the baselines, ATCNet-m attains the highest preci-
sion of 0.9132 but a recall of only 0.4902, while EEGNet-m provides
a more balanced operating point. The proposed model achieves
both substantially better ranking and a stronger balance between
precision and recall. Under the same patient-disjoint protocol, these
results support the value of combining multimodal spatio-temporal
modeling with recording-level context conditioning.

5.2 Architectural Component Ablation
Table 2 isolates the temporal TCN, spatial Transformer, and context-
conditioning branch. The TCN-only model reaches an AUPRC of
0.9145, compared with 0.8550 for the Transformer-only model,
showing that within-channel temporal morphology provides the
stronger individual representation for IED detection. Combining
the TCN and Transformer increases AUPRC to 0.9336, and adding
context conditioning further raises it to 0.9531, an improvement of
0.0195 over the same spatio-temporal architecture without context.
Context also improves the TCN-only model from 0.9145 to 0.9204,

but does not benefit the Transformer-only model, indicating that
the conditioning branch is most effective when applied to repre-
sentations with explicit temporal structure. The complete model
achieves the best accuracy, precision, F1, and WF1, while the TCN
with context produces the highest recall.

5.3 Context-Branch Ablation
Table 3 examines the two encoders within the context-conditioning
branch. Statistical-only and spectral-only conditioning reach simi-
lar AUPRC values of 0.9330 and 0.9347, whereas their fusion raises
AUPRC to 0.9531, corresponding to gains of 0.0201 and 0.0184, re-
spectively. This improvement shows that time-domain statistics
and modality-aware spectral descriptors provide complementary
context rather than interchangeable summaries. Spectral condition-
ing achieves the highest recall but has substantially lower precision,
while the fused representation provides the best accuracy, precision,
F1, and WF1 and a more balanced operating point.

5.4 Multi-Split Ensembling
Table 4 reports probability averaging over models trained on dif-
ferent patient-wise splits. The single model attains an AUPRC of
0.9531. Averaging two, four, and six models raises AUPRC to 0.9598,
0.9670, and 0.9693, respectively, while precision increases to approx-
imately 0.94 and recall remains near 0.88. The larger and steadier
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Table 1: Comparison with compact EEG baselines on NeuroMM 2026 Track 1 using patient-disjoint validation.

Model AUPRC ACC Precision Recall F1 WF1

EEGNet-s 0.7060 0.8446 0.7766 0.5196 0.6226 0.8332
EEGNet-m 0.8225 0.8809 0.8371 0.6422 0.7268 0.8752
EEG-TCNet 0.8118 0.8634 0.8889 0.5098 0.6480 0.8493
ATCNet-s 0.7592 0.8628 0.7608 0.6471 0.6993 0.8589
ATCNet-m 0.8058 0.8628 0.9132 0.4902 0.6380 0.8469
ResNet-18 0.7203 0.8525 0.8306 0.5049 0.6280 0.8389

Proposed 0.9531 0.9250 0.8622 0.8284 0.8450 0.9245

Table 2: Ablation results of the architectural components

Model Components AUPRC ACC Precision Recall F1 WF1

TCN only 0.9145 0.9141 0.7782 0.9118 0.8397 0.9163
TCN + Context 0.9204 0.9365 0.8404 0.9167 0.8769 0.9374
Transformer only 0.8550 0.8918 0.7855 0.7721 0.7787 0.8915
Transformer + Context 0.8139 0.8706 0.8540 0.5735 0.6862 0.8612
TCN + Transformer 0.9336 0.9359 0.8719 0.8676 0.8698 0.9359
TCN + Transformer + Context (Proposed) 0.9531 0.9498 0.8973 0.8995 0.8984 0.9498

Table 3: Ablation results of statistical and spectral encoders in the context-conditioning branch

Context encoder AUPRC ACC Precision Recall F1 WF1

Statistical only 0.9330 0.9341 0.8620 0.8725 0.8672 0.9342
Spectral only 0.9347 0.8996 0.7309 0.9387 0.8219 0.9034
Statistical + Spectral (Proposed) 0.9531 0.9498 0.8973 0.8995 0.8984 0.9498

Table 4: Multi-split probability-averaging ensemble of the final model

Ensemble AUPRC ACC Precision Recall F1 WF1

Single 0.9531 0.9468 0.8774 0.9118 0.8942 0.9471
2 models 0.9598 0.9571 0.9517 0.8701 0.9091 0.9564
4 models 0.9670 0.9553 0.9349 0.8799 0.9066 0.9548
6 models 0.9693 0.9571 0.9399 0.8824 0.9102 0.9566

improvement in AUPRC than in accuracy suggests that averaging
mainly reduces split-specific ranking uncertainty caused by patient
heterogeneity. Models trained on different splits observe different
patient cohorts, so probability averaging can suppress errors spe-
cific to any one split. The absolute AUPRC gain of 0.0162 from
six-model ensembling indicates that cross-patient generalization
remains a central challenge [23, 24]. Evaluation is nevertheless lim-
ited to one benchmark and its patient-disjoint validation protocol.
Cross-dataset and cross-site transfer remain untested, and relating
the learned gate 𝜶 to clinical recording properties is an important
direction for further analysis.

6 Conclusion
We presented a context-conditioned spatio-temporal network for
interictal epileptiform discharge detection from multimodal EEG,
ECG, and EMG signals. The model separates within-node temporal

morphology, captured by a shared frontend and a dilated temporal
convolutional network, from cross-node spatial and cross-modal
structure, captured by a channel-wise Transformer, and conditions
the entire trunk on a recording-level latent through feature-wise
modulation at twenty-three points. The latent is a per-dimension
convex combination of a variational statistical embedding and a
modality-aware spectral embedding, warm-started to recover the
statistical model at initialization. Discharge-subtype labels sup-
ply auxiliary weak supervision. The single model reaches 0.9531
AUPRC on NeuroMM 2026 Track 1 and multi-split ensembling
reaches 0.9693; ablations attribute the gains, in order, to temporal
modeling, fused context conditioning, cross-channel aggregation,
and moderate auxiliary supervision. We hope the design—adapting
a fixed backbone to each recording rather than enlarging it—offers
a useful template for the distribution-shift-limited regime that char-
acterizes clinical physiological signal analysis.
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