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Supplementary Material: A Multimodal Cross-Attention
Framework for Robot Error Detection from Bystander Reactions

A.1 Feature Extraction Pipeline

Figure 1: Feature extraction pipeline used for ERR@HRI 3.0
Track 1. Py-Feat facial action units (FAU) and emotion logits
(HSEmotion) were extracted at 30 fps and pooled to 5 fps;
acoustic eGeMAPS descriptors were extracted at 100 fps and
mean-aggregated to 5 fps. All modalities shared a common
temporal grid before variance/collinearity filtering.

A.2 Cross-Attention Architecture

Figure 2: Cross-attention fusion architecture (v2). Acoustic
and facial feature streams are encoded asymmetrically, in-
teract through stacked cross-modal transformer blocks, and
are fused via a modality-confidence gate before frame-level
and video-level prediction heads.



A.3 Hyperparameter Tuning Results

Table A.1: Optimal Hyperparameter Configurations for the
BiLSTM and Cross-Attention Models

Hyperparameter BiLSTM Cross-Attention

Input Features HSEmotion + Acoustic HSEmotion + Acoustic

Model Architecture

Hidden Size 128 128
N Layers 1 4
Convolution Layers – 1
N Attention Heads – 8
FF Multiplier – 2

Optimisation & Training

Batch Size 64 16
Epochs 50 30
Warmup Epochs 10 10
LR 6.25 × 10−5 3.91 × 10−4
Minimum LR Ratio 6.99 × 10−3 6.69 × 10−4

Regularisation & Loss

Dropout 0.295 0.162
Weight Decay 1.00 × 10−5 8.51 × 10−5
Loss weight (𝛼 ) 0.400 0.427
Frame Loss Weight 4.31 1.51
Focal Gamma – 1.13
Label Smoothing – 0.084

Note: FF Multiplier = Feed Forward Multiplier, LR = Learning Rate.
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