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Abstract. Video-based seizure detection is essential for the manage-
ment of epilepsy patients, offering a non-invasive complement to elec-
troencephalography. While several deep learning approaches have been
developed for video-based seizure detection, none are inherently inter-
pretable, limiting their adoption and translation into clinical practice.
We present, to our knowledge, the first exploration of a neurosymbolic
framework for video-based seizure detection that directly addresses this
gap. Our approach (1) extracts patient-centric skeleton sequences from
epilepsy monitoring units via a prompt-guided foundation model, (2)
predicts binary spatio-temporal concept activations grounded in clinical
motor semiology guidelines, and (3) composes them via differentiable
logic into interpretable Boolean rules with auditable contributions. Fur-
thermore, to mitigate false positives arising from the traditional binary
formulation (seizure vs. non-seizure), we sub-classify non-seizure seg-
ments into clinically relevant normal activities, providing the model with
fine-grained discriminative supervision. Evaluated on two public seizure
video benchmarks, our framework achieves 89.78% sensitivity with 0.06
false detections per hour on SAHZU and 85.27% /0.09 on IEEE, while
producing complete three-level interpretability: every prediction decom-
poses into which motor primitives were detected, how they were logically
composed, and how much each rule contributed to the clinical decision.
We publicly release all annotations, extracted pose sequences, our data

pipeline and code [Cink]
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1 Introduction

Epilepsy is a neurological disorder characterized by seizures, affecting approx-
imately 50 million people worldwide [27]. Optimal diagnosis, treatment, and
management of epilepsy patients depends on accurate seizure detection, includ-
ing precise prediction of onset and offset times and reliable seizure counting.
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Recently, video-based seizure detection has gained a significant interest, as it
can be deployed in both hospital epilepsy monitoring units (EMUs) and out-
of-hospital settings, saving time and resources for healthcare professionals and
infrastructure [20J13/9].

In clinical practice, neurologists analyze video recordings to identify the ob-
servable motor manifestations of seizures, collectively termed semiology, fol-
lowing standardized guidelines published by the International League Against
Epilepsy (ILAE) [3l242]. This vocabulary defines a taxonomy of motor signs,
including tonic posturing (sustained muscular contraction), clonic jerking (repet-
itive rhythmic movements), versive deviation (forced head or eye turning), and
dystonic posturing (sustained abnormal limb positions), among others. Crucially,
clinicians reason over these observable primitives compositionally: a tonic-clonic
seizure, for instance, is identified by the co-occurrence of bilateral limb stiffening
followed by rhythmic jerking, not by a single holistic pattern. This structured
clinical reasoning process establishes a standardized foundation for explainable
decision-making aligned with established clinical guidelines.

A plethora of deep learning approaches have been proposed for video-based
seizure detection, including spatiotemporal architectures [20/29/T3] and skeleton-
based pipelines [28/T0/9]. Despite strong performance, these methods largely
function as black boxes, offering limited interpretability. In clinical epileptol-
ogy, where decisions rely on understanding seizure semiology and localization,
such opacity constrains practical adoption [ITI23]. Models that detect seizures
without explicating the underlying motor signs provide limited clinical value. Ad-
ditionally, most approaches adopt a binary formulation (seizure vs. non-seizure),
collapsing heterogeneous non-seizure activity into a single negative class, which
increases false positives during movement-intensive non-seizure activity [23].

In the general computer vision community, Concept Bottleneck Models (CBMs)
[15030] promote interpretability by routing predictions through human-defined
concepts. However, primarily designed for image classification, standard CBMs
treat concepts independently and do not model their logical composition, cru-
cial for video understanding. Neurosymbolic Al addresses this limitation by
integrating neural perception with symbolic reasoning, enabling differentiable
Boolean combinations of concepts that mirror human inference [26/25]. Building
on prior differentiable rule-learning frameworks [26l/7], we lift this paradigm into
the spatio-temporal video regime via ILAE-grounded spatial concepts, a shared
temporal vocabulary, and a fine-grained multi-label normal-activity formulation
tailored to the EMU setting. This compositional paradigm aligns naturally with
epileptology, where the ILAE semiology vocabulary defines motor primitives over
which clinicians reason logically. We therefore propose a neurosymbolic frame-
work that learns Boolean rules over ILAE-grounded motion concepts via a con-
cept bottleneck with differentiable logic layers, enabling clinically interpretable
seizure detection. To further reduce false positives inherent in conventional bi-
nary (seizure vs. non-seizure) formulations, we introduce fine-grained normal
activity subclasses that provide more discriminative supervision.
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Fig. 1. (a) Prompt guided patient tracking and pose extraction, (b) VLM assisted nor-
mal activity sub-classification and verification, (c) Data Classes, statistics and distribu-
tion, (d) Generated concept bank for NTU-RGB+D 120, SAHZU and IEEE Dataset.

Our contributions are: (1) A neurosymbolic framework for seizure detection
that learns differentiable Boolean rules over ILAE-grounded spatio-temporal
motion concepts. (2) A fine-grained skeleton-based seizure dataset augment-
ing two public benchmarks [28/17] with eight normal activity subclasses via a
patient-focused pose extraction pipeline (SAM 3 [4] + Sapiens [14]) and VLM-
assisted annotation, publicly released. (3) Empirical evidence that fine-grained
supervision combined with neurosymbolic reasoning reduces false positives on
movement-intensive non-seizure segments while preserving interpretability.

2 Method

Our framework comprises three stages (Fig. : (1) patient-centric skeleton ex-
traction and fine-grained activity labeling from raw EMU video (§2.1); (2) con-
struction of a unified concept bank grounded in ILAE motor semiology (;
and (3) neurosymbolic inference via differentiable logic layers (§2.3)).

2.1 Data Pre-processing and Fine-grained Label Generation

We evaluate on two public seizure video datasets: the SAHZU dataset [28] and
the IEEE Seizure Video dataset [17]. Public EMU video datasets remain scarce
due to the highly sensitive nature of patient recordings, making these two among
the only publicly accessible benchmarks. Both provide expert-labeled seizure
onset /offset annotations but only binary (seizure/non-seizure) labels.

Patient Tracking and Pose Extraction EMU recordings differ substantially
from standard human action recognition (HAR) settings: patients are typically
supine, partially occluded by bedding, and share the frame with medical staff.
To bridge this gap, we convert EMU videos into a standardized HAR represen-
tation using a two-stage foundation model pipeline (Fig. a)). First, SAM 3 [4]
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segments and tracks the patient across frames using text-prompt initialization
and streaming memory to maintain identity under transient occlusions. The
segmented regions are then processed by Sapiens-2B [14] to extract 133 COCO-
WholeBody keypoints [12], which we map to the 25-joint NTU RGB+D for-
mat [18] via ¥:R133%2 — R?5%2, This alignment enables direct use of pretrained
GCN backbones, crucial given the limited scale of seizure datasets.
Fine-Grained Normal Activity Annotation Conventional binary seizure /non-
seizure annotation collapses heterogeneous normal activities into a single class,
inflating false positives on movement-intensive segments (e.g., patient adjusting
position) that share superficial kinematic similarity with seizure activity [23].
To increase class specificity, we thus sub-classify non-seizure segments into fine-
grained normal activities while preserving expert-labeled seizure boundaries un-
touched. Videos are clipped at the annotated seizure onset; only non-seizure seg-
ments are divided into 5-second clips and classified by Qwen3-VL [I] using struc-
tured prompts with clinical context. Predictions are then verified by human an-
notators and stitched back with the original seizure labels, yielding 8 non-seizure
activity categories (Fig. [Ic)), 4 of which overlap with NTU RGB+D 120 [I8]
(Fig. d)), facilitating knowledge transfer from large-scale HAR pretraining. At
deployment, neither SAM 3, Sapiens-2B, nor Qwen3-VL is in the loop: they are
invoked offfine for one-time pose extraction and label refinement, while inference
uses solely the compact GCN with logic layers introduced in

2.2 Seizure and Normal Activity Concept Bank Generation

Seizure detection requires a concept vocabulary spanning two distinct behavioral
regimes: normal daily activities and pathological motor semiology. We construct
a unified concept bank C = C; U Cy of spatial and temporal concepts in two
phases, following the concept bottleneck paradigm [15].

Phase 1: Normal activity concepts. Understanding normal activity primi-
tives is essential for distinguishing seizure-specific motion patterns. To establish
a comprehensive concept bank, we leverage the large-scale NTU RGB+D 120
dataset, which contains 120 diverse human action classes. Following [16], each ac-
tion is decomposed into six body-part groups P={head, hand, arm, hip, leg, foot},
and GPT-40 is prompted to generate part-wise motion descriptions. These de-
scriptions are abstracted into canonical verb-direction-modifier patterns,
embedded using a sentence encoder [22], and clustered via k-means to form spa-
tial concepts CX°'™, and temporal concepts C{'*'™ capturing motion dynamics
(Fig. d)) This process yields 74 concepts (53 spatial, 21 temporal).

Phase 2: Seizure-specific concepts from ILAE semiology. Seizure move-
ments follow standardized clinical definitions that LLM-generated descriptions
alone cannot capture. We treat seizure as a single holistic category and derive 19
spatial concepts from the ILAE glossary [3J24)2] using the same P partitioning,
covering shared motor signatures across tonic, clonic, myoclonic, atonic, dys-
tonic, and versive semiology (e.g., arm_tonic_posture, hand_bilateral_fist,
head_versive_deviation). The 21 temporal concepts from Phase 1 are shared
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Fig. 2. (a) Model Framework overview along with body part specific concept of seizure
dataset, (b) Discrete logic layer example along with it’s corresponding rules, (c) Visual
samples of normal and seizure activities along with rule interpretation guide.

across both regimes, as they already encode dynamics relevant to seizure dis-
crimination (Fig. [[[d)). This yields a unified bank of |C|=93 concepts (53 normal
+ 19 seizure spatial, 21 shared temporal).

Association matrix. Let A denote the set of action classes. We construct M €
{0, 1}AIXIC where M, .=1 indicates concept ¢ is active for action a. Associations
are generated via an LLM [8] and refined pairwise to ensure discriminability,
e.g., adjusting_position and seizure share arm_extend but differ on seizure-
specific concepts such as arm_tonic_posture.

2.3 Neurosymbolic Seizure Detection Framework

Our framework (Fig. a)) processes each skeleton sequence through four stages:
a spatio-temporal encoder & extracts motion features, a concept bottleneck
maps them to binary concept activations, differentiable logic layers 6 compose
concepts into Boolean rules, and a rule aggregator produces class logits as a
weighted sum of triggered rules.

Skeleton Encoding and Concept Bottleneck: Given an input sequence
X € RT*VX3 (T frames, V=25 joints), the encoder ¢ models the skeleton as
a spatio-temporal graph via the adaptive Hyper-GCN backbone [31], producing
features F € RT*V*D These are globally averaged into F € R” and projected
to concept activations:

¢=0(W,F+b,) e0,1], (1)

where each ¢; is the predicted probability that concept ¢; is active. With the
target concept activations ¢* = M]a, :] € {0, 1}I°!] derived from the action label
a, the bottleneck is supervised as standard multi-label classification via binary
cross-entropy (Econcept)7 forcing the encoder to ground its representations in
interpretable motion primitives before downstream reasoning. To mitigate con-
cept leakage [7I25], we binarize activations via ¢; = ¥[¢; > 0.5] and augment the
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predicate space with negations: p = [¢; —¢| € {0, 1}2‘C|, enabling rules over both
presence and absence of motion concepts.

Differentiable Logic Layers: The logic layers # compose binary predicates
into rules via stacked conjunction-disjunction operations (Fig. (b)) Let n(® =
p denote the input predicate vector. Each layer [ produces two sets of outputs:

conjunction nodes agl) that represent candidate AND-rules over predicates from
O]

the previous layer, and disjunction nodes b, that represent candidate OR-rules:

! -1 l -1
o = N a0 =\ T 2)
=1 Fwi=1

where WA WEY) ¢ {0,1}NiXNi—1 are learnable binary adjacency matrices
that select which predicates participate in each rule. The concatenated output
n) = [a(l); b(l)] feeds subsequent layers, progressively building rules of increas-
ing complexity in disjunctive normal form. After L layers, we collect the rule-
activation vector r € {0,1} over the R=N, learned boolean rules, with r,=1
when the k-th rule fires for the input clip, e.g., when (head_hyperextend A
dynamics_rhythm_irregular) holds, a typical seizure pattern.

Continuous relaxation and training: Since discrete Boolean operations
yield zero gradients, we maintain continuous counterparts W € [0, 1] with dif-
ferentiable logical activations [20]:

al’ = P(T] (-wia=al=)). 67 =1=([ -wial ), ©3)

J

where P(z) = 1/(1—logx) prevents gradient vanishing; these reduce to stan-
dard AND/OR when inputs and weights are binary. The forward pass uses
discrete weights W = H‘[W > 0.5] for interpretable inference, while backprop-
agation grafts gradients onto the continuous path to update W. A Straight-
Through Estimator [16] bridges the binarizer, enabling end-to-end gradient flow
from the task loss through the logic layers to @. The total objective is L =
Liask + Leoncept + )\HW”Q, where L.k is the multi-class cross-entropy between
the predicted logits ¥ and the one-hot action label a € A, Lonceps is the concept-
bottleneck BCE defined above, and the sparsity term \ encourages parsimonious,
interpretable rules.

Rule Aggregation and Decision Interpretation: A linear layer maps
rule activations to class logits ¥ = Vr 4+ b, where each weight V, ; quantifies
how rule r; supports or opposes class a, yielding an additive decomposition
Ua = 1, Va,k Tk +ba. This produces a three-level audit trail (Fig. c)): (1) con-
cept explanations, which ILAE-aligned motor primitives are detected, (2) rule
explanations, how concepts are composed into Boolean rules by tracing adja-
cency matrices, and (3) rule contributions, how much each rule influenced the
prediction via weights Vj, 1.



Interpretable Concept Driven Seizure Detection 7

Table 1. Comparison with SOTA methods on SAHZU and IEEE benchmarks. Red =
best; blue = second best; Interp.=interpretability; and OF=Optical Flow.

Method Modality SAHZU IEEE Interp. Param.
Sens.% Spec.% F1% FDR /h Sens.% Spec.% F1% FDR/h (M)
13D-+LSTM [T3] OF 7123 6845 69.81 0.87 67.84 6512 6643 1.04 NO 280
CNN+LSTM [ OF 68.36 6592 67.08 113 6451 6287 6362 131 NO 171
R3D+LSTM [21] OF 7268 69.37 7094 079  69.15 6648 67.74 095 NO 319
R3D-+ViT [20)] OF 7415 7183 7292 072 70.87 68.24 6948 086  NO 326
JOLOGCN 28] OF+Skel. 7561 7328 7438 052 7234 7015 7117 064 NO 6.9
RGBPoseConv3D [28] RGBSkel. 7693 74.67 7574 044 7348 7152 7243 056 NO 3.2
AGCN+TCN [g] RGB-+Skel. 7482 7216 7341 058 7137 6924 70.23 071  NO  37.1
RAMI [10] OF+Skel. 7854 76.83 79.77 061 7516 7342 7628 074  NO  34.46
VSViG [2§] RGB-+Patch 8154 79.72 80.77 009 7862 77.87 79.53 012 NO 54
STGCN [19) Skeleton 7647 7431 7532 038 7382 7165 7267 046  NO 3.1
DG-STGCN [19] Skeleton 7824 7618 7715 031 7563 7371 7459 038  NO 14
MSG3D [19] Skeleton 79.86  77.54 7863 027 7691 7482 7579 034  NO 27
AAGCN [19] Skeleton 7853 7642 7741 033 7528 7336 7424 041  NO 37
CTRGCN [5) Skeleton 81.35 79.84 80.53 022 7847 7692 77.62 028 NO 14
HDGCN [§] Skeleton 80.72 7863 79.61 024 77.84 7591 7681 030 NO L7
InfoGCN [6] Skeleton 80.18 7827 79.16 026 77.23 7548 7628 032 NO 157
HyperGCN [T Skeleton 8241 80.67 8148 0.9 7953 77.94 78.66 024 NO 24
Proposed Skeleton 8078 87.64 86.93 006 8527 8328 83.59 009 YES 23

HyperGCN + Logic Layers | Multi-label

3 Experimental Setup

Datasets: We evaluate on two public seizure video datasets. SAHZU [28] con-
tains EMU recordings of 14 patients with 33 focal or generalized tonic-clonic
seizures ( 3.3h total). IEEE Seizure Video [I7] comprises recordings from 50
patients with 403 seizure segments (334 tonic-clonic, 69 absence) and an equal
number of non-seizure segments. We use the official [28] 70,/30 split for SAHZU
and report 5-fold cross-validation for IEEE.

Preprocessing. We follow the standard skeleton-based HAR, preprocessing pro-
tocol from CTR-GCN [5]: random rotation, spatial flip, and temporal cropping
with uniform 64-frame sampling. Since our pose extraction pipeline (§2.1)) out-
puts skeletons in the NTU-RGB-+D 25-joint format, the same preprocessing ap-
plies directly to our seizure data without modification, ensuring reproducibility
and compatibility with established baselines.

Pretraining on NTU-RGB+D 120: The limited scale of seizure datasets
makes training from scratch impractical. We first pretrain the encoder ¢ and
concept bottleneck ¢ on NTU-RGB+D 120 [18] using our 74 normal-activity
concepts, achieving 86.7% on the cross-subject benchmark, on par with the
state of the art [3I]. This confirms the concept vocabulary captures sufficient
discriminative information before extending it with seizure-specific concepts.
Fine-tuning and logic layer training: Starting from the pretrained encoder,
we fine-tune the full framework on the seizure datasets for 400 epochs using
AdamW with cosine learning rate decay on a single NVIDIA A6000 GPU with
batch size 32. The concept bank is extended with the 19 seizure-specific concepts
(, and the concept predictor head is expanded accordingly. Logic layers are
activated after 15 warm-up epochs to ensure they receive converged concept
predictions rather than random activations. The learning rate is set to 10=# for
the entire framework, with ¢; regularization (A=10"°) inducing rule sparsity.
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Table 2. Ablation studies on the SAHZU dataset.

(a) Model Configuration (b) Patient Tracking Pipeline (c) Concept Configuration

Variant Sens. % F1 % FDR/h Variant Sens. % F1 % FDR/h Variant Sens. % F1 % FDR/h

w/o NTU pretraining 78.62 76.34 1.34 Ilyas et al. [I0] 85.84 83.97 0.65 Spatial Only 80.61 81.43 0.25

w NTU pretraining 89.78 87.64 0.06 Xu et al. [2§] 80.27 81.48 0.11  Spatial + Temporal 89.78 87.64 0.06

Binary model 83.31 81.26 0.21  Proposed 89.78 87.64 0.06 (d) Latency (sec) VSVIiG IEEE

Multilabel model 89.78 87.64 0.06 Xu et al. [28] -6.8 -3.51
Proposed -3.85 -1.47

Replacing Hyper-GCN’s 121-class softmax head with our concept projection
(Eq. [1)) plus binary logic layers adds only ~233K parameters, yielding a model
(2.3M) marginally smaller than Hyper-GCN (2.4M).

4 Results

Comparison with state-of-the-art methods: Table [1| compares our frame-
work against 18 baselines. Optical-flow and RGB-based methods suffer elevated
false detection rates (>0.72/h) due to EMU noise, while multimodal approaches
still lag behind skeleton-only models. Our framework surpasses the strongest
skeleton baseline HyperGCN [3T] by 47.37 sensitivity and +5.45 F1 on SAHZU
with 68% FDR reduction (0.19—0.06), and by +5.74 / +4.93 on IEEE with
63% FDR reduction. Against VSVIG [28], we gain +8.24% sensitivity with a
2.3x smaller model. Ours is the only method providing full interpretability.

Ablation studies: Table [2] isolates each design choice. (a) NTU-120 pre-
training is essential (without it, sensitivity drops 11.16 points, FDR/h degrades
22x). The multi-label formulation adds +6.47 sensitivity with 3.5x FDR re-
duction, validating class specificity [23] in the video modality. (b) Our SAM 3
pipeline achieves 49.51 sensitivity over VSViG [28] pose extraction with zero
manual annotation. Ilyas et al. [I0] reach competitive sensitivity (85.84%) but
with 10x higher FDR/h (0.65 vs. 0.06), as their optical-flow + lightweight pose
front-end is sensitive to bedding motion under partial occlusion. (¢) Temporal
concepts boost sensitivity by 9.17 points, capturing rhythmicity and contraction
dynamics missed by spatial concepts alone. (d) Our framework detects seizures
3.85 s before clinical onset on SAHZU (1.47s on IEEE); VSViG achieves earlier
detection (6.8s/3.51s) via accumulative probability, but lacks interpretability.

Qualitative analysis: Fig. [3] visualizes our framework on a continuous
SAHZU recording. The predicted timeline closely matches the ground truth,
with seizure rules aligning with ILAE tonic semiology and resting rules sup-
pressing other class activations. The t-SNE (Fig. [3[c)) confirms that multi-label
training produces tighter clusters, explaining the 3.5x FDR reduction.

5 Conclusion

We introduced the first neurosymbolic framework for video-based seizure detec-
tion, grounding every prediction in ILAE motor semiology through a concept
bottleneck with differentiable logic layers that produce fully auditable Boolean
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Fig. 3. Qualitative analysis on a SAHZU recording. (a) Ground-truth and predicted
timelines with rule contributions for representative resting and seizure clips. (b) Addi-
tional frames from an earlier segment. (c) t-SNE plots for rule activations.

rules. Our fine-grained formulation for normal activity reduces false detections by
3.5 over binary classification, while achieving state-of-the-art sensitivity on two
public benchmarks. Future work includes fine-grained seizure sub-classification
across motor semiology types, expanding seizure-specific temporal concepts be-
yond the shared vocabulary, distilling the offline pose pipeline into a single
lightweight extractor, and prospective multi-centre validation.
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