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Abstract

We present the Anlam-Net-M team’s solution for the MediaEval 2026 Predicting Media Memorability
task (Challenge 1.2): predicting subject-wise movie recall from EEG. To overcome severe inter-subject
variability in neural responses, we propose a hybrid architecture processing 32-channel EEG via two
parallel streams: a 55-dimensional cognitive functional descriptor and a dynamic weighted Phase Lag
Index (WPLI) connectivity graph. These representations are encoded by a P300-aware BiGRU attention
mechanism and classified via a 4-qubit variational quantum circuit. Supported by a “Smart Fallback”
strategy to recover discriminability when subject-specific training fails, our model achieves a official
LOSO-CV (Leave-One-Subject-Out Cross-Validation) AUC of 0.616. This substantially outperforms classi-
cal (XGBoost, ElasticNet) and raw-EEG (EEGNet) baselines, demonstrating the vital role of neurocognitive
inductive biases and dynamic connectivity in robust memory prediction.

1. Introduction and Related Work

Understanding how the brain encodes complex audiovisual experiences is a core challenge in
multimedia research, driving the MediaEval 2026 Predicting Movie and Commercial Memorabil-
ity task [1]. EEG provides millisecond-scale access to episodic memory gating, complementing
visual and semantic features. Previous studies showed that remembered videos elicit stronger
right temporal P300 positivity [2], while EEG coherence maps and ERP statistical functionals
effectively predict media memorability. Recently, [3] established a functional-descriptor baseline
using ElasticNet[4] , achieving a Leave-One-Subject-Out (LOSO) AUC of 0.556 and highlighting
the task’s strong subject-dependency.

EEG oscillations across canonical bands carry crucial memory and emotion information.
Delta drives P300 responses and increases with emotional arousal [5, 6], while theta distribution
facilitates multisensory audiovisual integration during encoding [7]. Posterior alpha suppression
reflects initial attentional deployment, whereas late alpha and low-beta rebounds protect stored
representations [8, 9]. Beyond local power, working memory variations are reliably predicted
by spectral entropy [10] and inter-regional phase synchrony. To eliminate volume conduction
artifacts, the weighted Phase Lag Index (wPLI) provides robust cross-subject connectivity
estimates [11].
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Our proposed hybrid architecture builds on these findings with a pipeline tailored for Chal-
lenge 1.2: (i) a 55-dimensional functional descriptor capturing delta power, theta/alpha wPLI,
spectral entropy, and early/late a3 contrasts; (ii) a dynamic wPLI graph stream (Theta, Alpha,
Gamma) processed by a BIGRU with a P300-centered (300-600 ms) Gaussian attention prior;
(iii) a 4-qubit tensor network quantum readout layer; and (iv) a “Smart Fallback” strategy that
refits on the entire development set if subject-specific training AUC drops below 0.60. This
recovers within-subject discriminability, achieving a LOSO-CV AUC of 0.616, substantially out-
performing feature-based baselines (ElasticNet AUC 0.594, XGBoost AUC 0.575) and raw-EEG
end-to-end models (EEGNet AUC 0.538).

2. Methodology

The proposed framework is a hybrid neural pipeline designed to address the high inter-subject
variability inherent in EEG responses to multimedia [3]. It processes 32-channel EEG trials
(represented as a tensor X € R32%5376 sampled at 512 Hz over [—1, 9.5] s) through two parallel
streams, which are fused and read out by a variational quantum circuit to predict the final recall
probability p € {0, 1}.

Feature Extraction: The first stream computes a 55-dimensional functional descriptor vector.
P300 peaks are rescaled to microvolts to prevent vanishing gradients, and gamma-band features
are strictly restricted to the early perceptual encoding window 0 — 500 ms). The complete
inventory of these descriptors is detailed in Table 1.

The second stream generates a dynamic connectivity graph. For each 100 ms window (50 ms
stride) across 6, o, and ~y bands, we compute the weighted Phase Lag Index (wPLI). By utilizing
the signed imaginary cross-spectrum, wPLI effectively suppresses zero-lag volume conduction
artifacts. Extracting upper-triangular entries and principal eigenvalues yields a dense 1,506-
dimensional vector per window.

Table 1
Summary of the 55-dimensional functional descriptor vector, grouped by cognitive domain. Uninforma-
tive ERP channels and out-of-window gamma features are excluded.

Domain / Area Feature Description

Visual & Early Gamma Early Gamma (0 — 500 ms) and Gamma/Beta ratio over occipital areas; a, 3, § power [5, 6]; ERDS.

Auditory 0 power over T7/T8 [7]; long-range 8-band wPLI coherence (e.g., F3-T7, F4-T8) [11].

Semantic « and 0 power over centro-parietal (CP) and Pz [9]; CP d power; canonical band ratios.

Emotion Frontal Alpha Asymmetry (F, AF); Frontal-midline € (Fz) [5, 6]; Temporal 5 (T7/T8); 8 wPLI [11].
Attention Frontal Engagement index (3/(c + 0)); & + 8 wPLI coherence [8, 11]; Individual Alpha Frequency.
Global & Temporal Spectral Entropy (highlighting FC4) [10]; Global band ratios; Early vs. late 65 contrasts [9].

ERP (P300) P300 peak amplitudes rescaled to uV over Pz, Cz, and Fz [2] (vanishing occipital ERPs removed).

Temporal Encoder & Quantum Read-Out: The 1,506-d wPLI sequence is processed by a
two-layer BiGRU. Outputs are pooled via scaled dot-product attention, biased by a learnable

Gaussian prior a; = a;+ S exp (— (t;U“Q)Q ) initialized at the expected P300 latency (4 = 408 ms).

This temporal embedding is then concatenated with a projection of the 55-d descriptors and
compressed into a 96-dimensional joint representation. To map this classical representation
into a quantum feature space, a 4-qubit, 3-layer Variational Quantum Circuit (VQC) consumes
this embedding. Recent advancements in Quantum Machine Learning (QML) demonstrate that
parameterized quantum circuits act as highly expressive models [12] with intrinsic generalization
capabilities [13]. In our architecture, the VQC utilizes data-dependent rotations and softmax

entanglement, functioning as a powerful non-linear regularizer and an efficient tensor network
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Figure 1: Architecture of the proposed hybrid pipeline.
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(a) Official LOSO CV overall AUC comparison. (b) Parallel coordinate lines illustrating individual
AUC trajectories.

Figure 2: Comparative analysis of overall and per-subject model performance using the AUC metric.

read-out for the high-variance EEG data (= 450 k parameters total). Figure 1 illustrates the
complete pipeline: 32-channel raw EEG is processed through two parallel streams to extract wPLI
dynamic graphs and functional descriptors, which are deeply encoded, fused, and compressed
into a 96-dimensional representation before being passed to a 4-qubit variational quantum
circuit paired with a classical MLP for the final memorability prediction.

Smart Fallback Strategy: Models are initially trained subject-specifically using 100% of
a subject’s training data. However, given the severe inter-subject variance, we introduce a
Smart Fallback rule: if a subject’s training AUC drops below 0.60, the model automatically
discards the subject-specific weights and refits on the entire development population to recover
discriminability.

3. Results and Discussion

To evaluate the efficacy of our model, we compared it against three baseline models using LOSO-
CV on the development set. The baselines include feature-based classical models (XGBoost [14]
and ElasticNet[4]) trained on our 55-d functional descriptors, as well as an end-to-end deep
learning model (EEGNet [15]) trained directly on raw EEG signals.

3.1. Overall Performance Comparison

As illustrated in Figure 2(a), the developed pipeline achieves the highest overall performance
with an official LOSO-CV test AUC of 0.616. The fact that our hybrid model clearly outperforms
both the purely classical feature-based models and the end-to-end EEGNet demonstrates the
necessity of integrating hand-crafted cognitive priors (such as P300 amplitude and early-gamma
restrictions) with dynamic connectivity graphs (wPLI). Furthermore, EEGNet’s relatively lower
performance suggests that relying solely on raw EEG without inductive biases struggles to



capture the complex neurocognitive traits of long-term memory encoding.

3.2. Inter-Subject Variability and Inference Strategy
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Figure 3: LOSO-CV per-subject AUC heatmap across the 27 participants.

Figures 3 and 2(b) highlight the severe inter-subject variability inherently present in EEG
responses. The heatmap and parallel coordinate lines clearly demonstrate that while the models
follow a similar performance trend across individuals, our framework consistently maintains
superiority. For instance, specific subjects like ggthjh achieve exceptionally high predictability
(AUC = 0.82), whereas others remain challenging for all models. To address this extreme
variance, our Smart Fallback strategy proved vital during testing by dynamically compensating
for insufficient within-subject data, allowing the model to recover discriminability when subject-
specific training fails.

4. Conclusion and Future Work

This paper presented our proposed hybrid architecture for Challenge 1.2 of the MediaEval 2026
Predicting Movie and Commercial Memorability task. Our results demonstrate that predicting
long-term recall from EEG is feasible but severely hindered by inter-subject variability. By
integrating hand-crafted cognitive priors—such as P300 amplitude rescaling and early-gamma
restrictions—with dynamic wPLI connectivity graphs, our model achieved a LOSO-CV AUC of
0.616. This substantially surpasses purely classical baselines (XGBoost, ElasticNet) and end-
to-end deep models (EEGNet). Furthermore, our “Smart Fallback” strategy proved essential in
mitigating extreme subject variance. Future work should explore multimodal EEG-visual-textual
models and investigate the inner representations of the quantum readout layer to provide deeper
neurocognitive insights into memory encoding.
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