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Abstract

To detect human-robot interaction errors, existing approaches have
primarily focused on behavioural responses from individuals di-
rectly involved in the interaction, whereas reactions from external
observers have received comparatively little attention. Similarly,
these approaches have been limited to interactions in controlled
environments with little variability in lighting, camera angles, and
background noise. Addressing these gaps, the ERR@HRI 3.0 chal-
lenge focuses on bystander error detection in unconstrained, real-
world environments. Our primary submission is a time-aware multi-
modal fusion framework that combines facial and acoustic represen-
tations via bidirectional cross-attention. Two versions of this frame-
work, with different encoding approaches, are evaluated against a
bidirectional LSTM (BiLSTM) classifier with simple concatenation.
Our results demonstrate the effectiveness of this cross-fusion ap-
proach for capturing errors and generalising to unseen real-world
data. Our cross-fusion and BILSTM models achieved the top-three
positions on Track 1, outperforming the challenge baseline and
other competing submissions. Feature importance analysis further
revealed that smile-related action units and their temporal dynam-
ics serve as primary discriminative cues for error detection. Our
code is available at https://github.com/chardiwall/SHEF-HRI.
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1 Introduction

Robotic systems often make errors, such as generating inappropri-
ate or delayed responses, which can negatively impact the quality
of human-robot interaction (HRI) [2]. To enable robots to iden-
tify and recover from these errors, recent research has explored
methods for automatic error detection, with a focus on leveraging
human behavioural responses as rupture indicators [7, 12, 13]. The
ERR@HRI challenge series has been instrumental in driving this
research, providing a standardised framework for developing and
evaluating machine-learning models in this domain [2, 11].

While the fundamental objective of the ERR@HRI challenge
has remained consistent, its scope has evolved. The first two it-
erations evaluated dyadic HRI in controlled laboratory settings,
training models on multimodal features, including facial action
units, prosody and body posture, to predict interaction ruptures
[2, 11]. In contrast, the third iteration (ERR@HRI 3.0) shifts the fo-
cus towards a third-party perspective, utilising recorded bystander
reactions to predict errors (Track 1) and the anticipated outcome of
the interaction (Track 2) [8]. These bystander recordings are cap-
tured in uncontrolled environments, with variable lighting, camera
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angles, and environmental noise, making multimodal error detec-
tion considerably more difficult.

Given the unconstrained nature of the challenge data, proposed
solutions need to prioritise generalisability. Previous challenge sub-
missions, which relied on simple concatenation to fuse multimodal
features, exhibited sharp performance drops when moving from val-
idation to the test sets [7, 9]. We, therefore, argue that simple feature
concatenation is insufficient for capturing complex cross-modal
dynamics and that more sophisticated fusion steps are required to
handle the environmental variability in the ERR@HRI 3.0 data.

In this paper, we propose a time-aware multimodal fusion ap-
proach capable of modelling the temporal dynamics within modali-
ties and the interactions between them. Our approach adapts the
cross-modal transformer by Venkatraman et al. [4], which uses
bidirectional cross-attention to allow each modality to query the
other for temporally aligned representations. We train these cross-
attention models on facial expression and acoustic features ex-
tracted from the challenge dataset. Model performance is evaluated
against a bidirectional LSTM (BiLSTM) with simple concatenation
and the official challenge baseline (BadNetCNN) for Bystander Af-
fect Detection (Track 1). We focus on Track 1 as it addresses the
immediate connection between interaction errors and bystander
reactions while also presenting key challenges such as severe class
imbalance. Finally, we conduct a discriminative feature analysis to
identify which multimodal cues contribute most to error detection.

2 ERR@HRI Challenge

2.1 Datasets

The ERR@HRI 3.0 challenge [8] provides two datasets, both released
as raw, non-anonymised webcam recordings (.mp4) collected via
Prolific, which preserves real-world variability in lighting, camera
angle, and participant positioning. We focus on the BAD (Bystander
Affect Detection) dataset [1] (Track 1), which comprises 45 partici-
pants’ spontaneous facial reactions to 46 stimuli, each labelled as
Failure or Control, with a strong imbalance towards the Failure
class (86.9% of clips). We used the official subject-independent splits:
36 participants (1,319 videos) for training and validation, and 9 par-
ticipants (326 videos) for test, with the Failure-class proportion
(~87%) preserved across both.

2.2 Evaluation Protocol

Track 1 is a binary classification task over a held-out, subject-
independent test split, with each (participant, video) pair treated
as an independent observation. Predictions are made at the win-
dow level: each recording is segmented into fixed-length sliding
windows, subject to a 2-second window cap. Window-level predic-
tions are then aggregated to a video-level decision by majority vote,
with ties resolved in favour of Failure. The task is ranked by video-
level Macro Fj-score with balanced accuracy as the tiebreaker;
this weighting is what makes the task non-trivial, since the 86.9%
Failure imbalance rewards naive majority prediction under raw
accuracy but not under Macro Fj. Secondary metrics include per-
class Fy, precision, recall, and accuracy, together with two temporal
metrics computed over positive-class clips (earliest detection time
and false-negative rate per video) that reward early and consistent
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detection. We also report video-level AUC-ROC, based on the max-
imum Failure-class probability across windows, as an additional
secondary metric.

3 Method
3.1 Feature Extraction

Facial expression and acoustic features were extracted from the
challenge datasets. To derive global facial expression features, we
used the pretrained HSEmotion model to generate posterior proba-
bilities for eight emotions (e.g., Anger, Contempt, Happiness) at 30
frames per second (fps) [10]. Furthermore, facial action unit (FAU)
presence probabilities were extracted at 30 fps using an open-source
facial expression analysis toolbox (Py-Feat)[3]. Py-Feat’s head pose
and emotion estimates were excluded due to missing head pose val-
ues (~1.8% of frames) and substantial overlap between the Py-Feat
emotion estimates and HSEmotion features. Finally, 25 acoustic fea-
tures from the eGeMAPSv02 set, including Mel-Frequency Cepstral
Coefficients (MFCCs), jitter, shimmer, and loudness values, were
extracted at 100 fps using the OpenSMILE toolkit [5, 6].

To retain local dynamic information before temporal alignment,
first- and second-order temporal derivatives (A and AA coefficients)
were computed for the raw facial AUs, increasing the Py-Feat fea-
ture dimensionality to 60. All feature modalities were then tem-
porally aligned by downsampling to 5 fps; we calculated mean
values for acoustic features, and both mean and maximum values
for facial features over each 0.2-second window. Since the aggre-
gation process substantially increased feature dimensionality, we
filtered out features with variance below 0.01 or collinearity above
0.95. This feature selection step removed 73 Py-Feat AU-derived,
8 HSEmotion, and 7 acoustic features, yielding a final feature set
comprising 47 Py-Feat AU-derived, 8 HSEmotion, and 18 acous-
tic features. The end-to-end processing pipeline is visualised in
Figure 1 of the supplementary materials.

3.2 Model Selection

To address the mismatch between the video-level ground truth
labels and the challenge’s requirement for window-level predictions,
bystander affect detection was formulated as a multi-task learning
setup that jointly learns frame and video representations. During
inference, frame-level predictions were aggregated into window-
level outputs via majority voting, following the challenge baseline.
Within this framework, two architectures were investigated:
a cross-attention fusion transformer (symmetric and asymmetric
configurations) and a bidirectional LSTM (BiLSTM).

3.2.1  Primary Approach: Cross-Attention Fusion Model. We adapted
the cross-modal transformer of Venkatraman et al. [4] to operate
over the multimodal features extracted in Section 3.1, rather than
raw audio and video. A detailed visualisation of the adapted archi-
tecture is provided in Figure 2 of the supplementary materials.

Encoding. Acoustic and visual inputs were separated from the
combined feature vector and optionally augmented with masked
temporal differences. In the symmetric variant, both streams were
embedded directly into a shared 128-dimensional space via identical
linear encoders. In the asymmetric variant, audio was encoded with
a multi-scale convolutional front-end, while video was encoded
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with a smaller linear encoder; both streams were then projected
into a common fusion space. In both variants, sinusoidal positional
encodings were added per timestep before cross-modal attention.

Cross-modal transformer blocks. The encoded audio and visual se-
quences were passed through four stacked transformer blocks. Each
block applied three sub-layers with residual connections and pre-
layer normalisation: (1) within-modality self-attention, allowing
each stream to build intra-modal temporal context; (2) bidirectional
cross-attention, where the audio stream attends to the visual stream
and vice versa, enabling cross-modality alignment and information
exchange; and (3) a position-wise feed-forward sub-layer applied in-
dependently to each stream. The number of attention heads and the
feed-forward expansion factor were optimised via hyperparameter
tuning (more details in Section 3.3).

Gated fusion. After the final block, the audio a and visual v
streams were combined via a learned sigmoid gate. Their concate-
nation [a; v] was projected to compute a per-dimension scalar gate
g € (0,1), yielding g © v + (1 — g) © a. This representation was
summed with a separate linear projection of the same concatenation
and layer-normalised, producing a single fused sequence.

Multi-task prediction. Following the weakly supervised setup,
the model produced frame- and video-level outputs from the fused
sequence. A two-layer MLP classification head produced Frame-
level logits at every timestep. For video-level prediction, a temporal
attention pooling module computed a weighted sum over timesteps;
the final video logit was the average of this pooled output and
the masked mean of the frame-level logits. This dual aggregation
ensured the video-level prediction was sensitive to both the peak
discriminative moments and the overall sequence distribution.

3.22  Secondary Approach: Bidirectional LSTM. This architecture
consisted of a BILSTM layer followed by two task-specific heads.
First, a frame-level head applied a linear projection to every hidden
state, yielding per-timestep logits for frame-wise classification. Sec-
ond, a video-level head used mean pooling followed by a linear pro-
jection to produce a video-level classification. In preliminary tests,
the bidirectional model outperformed its unidirectional counterpart
and was thus used in all subsequent experiments. An alternative
approach using additive pooling attention to dynamically weight
the contribution of each frame was also evaluated but omitted from
the final system, as it failed to improve video-level performance.

3.3 Experimental Setup

To ensure a fair comparison between the cross-attention and BiL-
STM models, both followed an identical experimental protocol. In-
put features were standardised using a Z-score scaler implemented
via scikit-learn. Following the Track 1 requirements and with input
features at 5 fps, window size and slide length were set to 2 seconds
(10 frames) and 1 second (5 frames), respectively.

A subject-independent 5-fold cross-validation scheme was used
for hyperparameter tuning to ensure model robustness. The Weights
& Biases! platform was used to conduct random sweeps across vari-
ous hyperparameters, including hidden size, learning rate, dropout,
and batch size. We further evaluated different individual, pairwise,

!https://wandb.ai/
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and combined feature configurations. The optimal configurations
were selected based on average validation video-level Macro Fi-
score (see Supplementary Table A1), retrained on the combined
train/validation set, and evaluated on a held-out test set.

All models were implemented in PyTorch using the Adam op-
timiser and a Cosine Annealing learning rate scheduler featuring
a 10-epoch linear warmup, where both the maximum and mini-
mum learning rates were tuned. While initial experiments with the
BiLSTM using video-level or frame-level loss functions struggled
to capture either temporal nuances or global context, a multi-task
formulation yielded substantial performance gains. Consequently,
a multi-task hybrid loss function drove the training process:

-Lhybrid = aLframe + (1 — @) Lyideo (1)

To handle class imbalance, class weighting was applied to each loss
component independently: video-level cross-entropy was weighted
by the ground-truth class distribution, while frame-level loss used a
tunable parameter to penalise false Control predictions. Early stop-
ping and model checkpointing were used during cross-validation to
prevent overfitting, with validation loss as the monitoring metric.

3.4 Generative Al Use Disclosure

Generative Al was used to assist with drafting, editing, and debug-
ging the Python code for feature extraction, model training, and
evaluation. We take full responsibility and accountability for the
work and content of the paper.

4 Results
4.1 Model Performance

Tables 1 and 2 summarise model performance during 5-fold cross-
validation and on the held-out test set, respectively. In both cases,
cross-attention fusion outperformed the BiLSTM and the challenge
baseline on video-level Macro F; and balanced accuracy. While
the BiLSTM performance degraded from validation to final evalua-
tion (Fy: 0.719 to 0.636), the cross-attention models remained sta-
ble, indicating greater robustness to subject-independent test data.
Despite this impressive performance, the cross-attention models
achieved lower Control-class F; (~0.56) compared to the Failure-
class (~ 0.94), due to strong class imbalance (86.9% Failure). How-
ever, the fact that the balanced accuracy of both cross-attention
models is above chance confirms meaningful discrimination beyond
majority-class bias.

4.2 Discriminative Feature Analysis

To locate discriminative signals in the training data, we computed
Cohen’s d effect sizes (Welch t-tests; Benjamini-Hochberg FDR) for
all 73 features. Each feature was reduced to a single per-video value
and compared between the 1,146 Failure and 173 Control videos.
As shown in Table 3, Py-Feat action units showed the strongest
individual effects, concentrated in smile-related features: lip-corner
puller (AU12, d = +0.53), cheek raiser (AU06), and lip stretcher
(AU20) were significantly elevated for Failure videos (pagj < 0.001),
while negative-reaction AUs (AU04, AU15) did not differ (|d| < 0.12,
padj > 0.4). HSEmotion mirrored this trend, with significantly
higher happiness scores and lower neutrality and anger scores on
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Table 1: Model Performance on Track 1 using 5-fold cross-validation.

Level Model Macro F; Balanced Acc. Accuracy F;(+) F;(-) AUC-ROC

Video BIiLSTM 0.719 0.711 0.869 0.925  0.499 0.753
Cross-Attention (Symmetric) 0.752 0.733 0.897 0.941  0.563 0.821
Cross-Attention (Asymmetric) 0.752 0.739 0.894 0.940  0.565 0.860

Window BiLSTM 0.732 0.763 0.856 0.891  0.573 0.802
Cross-Attention (Symmetric) 0.805 0.794 0.895 0.936  0.674 0.876
Cross-Attention (Asymmetric) 0.811 0.804 0.894 0.936  0.686 0.895

Note: This table reports the average scores across the 5-folds for each window-and video-level metric. (+) denotes the Failure class (86.9%) and (-) denotes the Control class.

Table 2: Model Performance on the Track 1 held-out test set.

Model Macro F1 (1) Balanced Acc. ()
BadNetCNN (Official Baseline) 0.502 0.504
BILSTM 0.636 0.610
Cross-Attention (Symmetric) 0.767 0.746
Cross-Attention (Asymmetric) 0.744 0.768

Note: This table reports the primary video-level metrics for ERR@HRI 3.0.

Table 3: Most discriminative features per modality on Track 1,
ranked by effect size |d|.

Feature d Higher in Dadj

Py-Feat action units

AU12 lip-corner puller +0.53 Failure < 0.001

AU06 cheek raiser +0.50 Failure < 0.001

AU20 lip stretcher +0.46 Failure < 0.001
HSEmotion

Neutral —0.40 Control < 0.001

Happiness +0.39 Failure < 0.001

Anger —0.39 Control < 0.001
Acoustic (eGeMAPS)

F2 frequency —0.07 Control 0.80

MFCC3 +0.06 Failure 0.85

MFCC2 —0.06 Control 0.86

Note: d > 0 indicates higher values on Failure videos. p,qj computed via Welch’s
t-test with Benjamini-Hochberg FDR correction over 73 features (a = 0.05).

Failure videos. These results suggest that robot failures elicited
amused reactions rather than distress or anger from bystanders.
The eGeMAPS acoustic features separated the classes poorly
(max |d| = 0.07, p,gj = 0.80). However, combining the acoustic and
facial streams consistently yielded optimal BiLSTM performance
during hyperparameter tuning, suggesting that the acoustic features
provide complementary information not captured by facial features
alone. We therefore retained both streams for our submitted models.

5 Discussion and Conclusion

This study evaluated a cross-attention fusion architecture against a
BiLSTM with simple concatenation for Track 1 of the ERR@HRI 3.0
challenge: Bystander Affect Detection. Because these models shared
the same features, alignment, and supervision, the performance
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gap between them can be attributed to cross-attention effectively
modelling the relationships between the facial and acoustic inputs.
Notably, while cross-attention performed similarly on the valida-
tion and test sets, BILSTM performance degraded sharply, high-
lighting cross-attention’s superior robustness to inter-participant
distribution shift. However, both approaches struggled to predict
the Control class, a direct consequence of the (~87%) imbalance. The
fact that the balanced accuracy for all three submitted models sub-
stantially exceeded that of a naive majority predictor confirms that
they discriminate between the two classes rather than relying on
the prior. Further analysis revealed that temporally escalating smile
signals were the strongest discriminative cues, challenging the as-
sumption that bystanders react to errors with negative expressions
and underscoring the role of temporal dynamics.

Several factors should be considered when interpreting our re-
sults. First, the small Control test set (43 of 326 videos) makes Macro
F; sensitive to minor prediction shifts, limiting how confidently the
results can be interpreted. Second, using pre-extracted HSEmotion,
Py-Feat, and OpenSMILE features leaves the pipeline vulnerable to
variations in background noise, lighting, and camera angles, leading
to feature-extraction errors that propagate into the classifier.

These limitations suggest several directions for future work. The
class imbalance could be tackled during training through focal loss,
class-balanced sampling, or minority-class data, which would en-
courage the model to attend to the Control class. Feature reliability
could be improved through targeted pre-processing—such as filter-
ing out irrelevant ambient noise from the audio and applying illumi-
nation normalisation to the video—before feature extraction. Finally,
extending the approach to Track 2 would test further whether cross-
attention fusion generalises to the anticipatory-outcome setting.
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