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Abstract
Enabling robots to display the reasoning behind decisions requires
them to detect when explanations are needed by users. A crucial
driver of explanation need is that it often manifests implicitly: users
exhibit behavioural signals indicating misalignment well before
they explicitly request an explanation. Psychological studies show
that in human interactions, such needs are sensed through multi-
modal cues and addressed through the co-construction of expla-
nations in real time. Building on this, we introduce an approach
for the early detection of explanation needs in HRI. Our method
recognises when an explanation is likely to become necessary, en-
abling robots to act proactively. We evaluate the approach on an
existing HRI dataset using features describing facial expressions,
body movement, and vocal behaviour, combined with time-series
classification techniques. Our results show that different classes
of learning algorithms (unsupervised anomaly-based methods and
supervised classification models) offer complementary strengths for
detecting explanation needs. In particular, unsupervised methods
enable early warning signals when labels are unavailable, while
supervised models provide stronger discrimination (AUROC 0.7)
when annotated data is available. We discuss the implications of
these findings for the development of explanation-capable robots
and outline future directions for proactive explanations in HRI.
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1 Introduction
Modern computer systems are increasingly envisioned as capable of
processing and understanding human social signals. Such systems
can leverage information about users’ social perceptions to adapt
their behaviour, supporting predictions about user actions and expe-
riences during interaction. Within this context, explanation needs
can be understood as emergent user states, dynamic constructs
that reflect properties of the user arising from their interaction
with the system. Providing explanations has become a mainstream
topic in machine learning and has gained substantial traction in
human-computer interaction research [1]. However, despite this
growing interest, fewer than 1% of explainable AI studies validate
their approaches through empirical evaluation with human users
[69]. As a result, our understanding of when explanations are nec-
essary remains limited. In particular, relatively little research has
examined when users exhibit behavioural signals indicating that ex-
planations may be required. Consistent with findings from studies

of human communication, explanations are not isolated events but
are embedded within the ongoing dynamics of interaction [27, 41].

This paper focuses on the early detection of such interaction
states, enabling robots to recognise implicit behavioural signals
and provide explanations proactively, as humans do. To investigate
how implicit explanation-need behaviour manifests, we analyse an
existing multimodal HRI dataset [45], in which participants explic-
itly request explanations following robot errors. Using this dataset,
we examine how early such explanation needs can be detected
prior to explicit verbal requests. We consider two complementary
learning strategies: an unsupervised anomaly detection approach
evaluated against the provided labels, and a supervised learning
method trained directly on ground-truth instances of explanation
need. Our findings indicate that both approaches can detect ex-
planation needs before they are explicitly verbalised. The unsu-
pervised method demonstrates stronger generalisation capabilities
but lower overall predictive performance, whereas the supervised
model achieves higher detection accuracy but relies on labelled
data, which may be difficult to obtain in real-world deployments.

Additionally, we provide an analysis of which human behavioural
signals offer the most informative cues for detecting explanation
needs. Given the high dimensionality of the multimodal feature
space, we employ computationally efficient models based on Iso-
lation Forests and Random Forests. The contributions of this pa-
per are twofold: (1) a multimodal framework for predicting expla-
nation needs in human-robot interaction, and (2) a participant-
independent evaluation of the proposed framework on a dataset
comprising 33 users interacting with a robot arm [45]. Overall,
our results highlight the importance of integrating multimodal be-
havioural signals, including facial expressions and vocal behaviour,
for the early detection of explanation needs in HRI.

2 Related Work
A fundamental challenge in human-robot interaction arises when
robots are deployed in real-world settings, as human users often
lack clear expectations regarding the robot’s capabilities and be-
haviour [62]. Explanations can play a critical role in aligning user
expectations with the robot’s actual functionality. More broadly,
explainable AI has been widely studied as a means of interpreting
the black-box nature of AI models [4, 30, 50, 54]. Explanations have
been investigated across a diverse range of domains in HCI and
affective computing [2, 5, 26, 35, 39, 40, 66, 70, 74, 75, 78]. Yet, de-
spite this extensive body of work, explanations are most commonly
treated as static artefacts. Such approaches do not adequately reflect
the dynamic nature of human interaction. In practice, explanation
needs evolve over time: an explanation may no longer be necessary
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once generated, or it may require refinement to accommodate the
user’s changing interactional state. Crucially, our understanding of
when explanations are needed during interaction remains limited.

While prior work has rarely focused on the direct detection of
explanation needs, several related approaches examine users’ re-
actions to unintended or faulty robot behaviour. Such studies are
relevant, as they model human behavioural responses that may
give rise to explanation needs [8, 19, 38, 42, 59, 65, 71]. Additionally,
existing research highlights a growing interest in user-adaptive
explanations, which leverage human input to tailor explanatory
content dynamically [21, 25, 49]. From an interactional perspec-
tive, Rohlfing et al. [61] emphasise the sequential organisation of
explanations, arguing that explanations are co-constructed pro-
cesses that evolve during interaction. In this view, explanations
may be continuously refined in response to user signals of uncer-
tainty1. Such adaptive monitoring processes are consistent with
psycholinguistic accounts of communication, which describe how
speakers collaboratively manage understanding through grounding
and utterance reformulation when co-present [15].

Users often request explanations in response to explicit questions
(“Why did you do that?” or “Why did you make this decision?”)
[22, 29, 51, 52]. But what happens when the question is never asked,
yet an explanation is implicitly expected? Given that a substantial
portion of human communication is non-verbal [10], such expecta-
tions may frequently be conveyed through non-verbal behaviour
rather than through direct verbal requests. In many AI systems, ex-
planations are presented automatically alongside model predictions.
However, users may also value access to explanations on demand,
suggesting that the question of when AI systems should be explain-
able fundamentally concerns the balance between automatic and
user-initiated explanations [31, 37].

Across domains, explanation requirements vary depending on
the nature of the interaction. In medical AI, systems commonly
provide automatic explanations following decision-making pro-
cesses [7, 23, 76]. Similar patterns are observed in entertainment
and recommendation systems [17, 21, 48, 53, 55, 63]. In contrast,
task-driven domains often favour on-demand explanations, as users
prefer to retain primary control over the interaction [9, 56]. Contin-
uous decision-making contexts, such as financial systems and au-
tonomous driving, predominantly employ automatic explanations
[6, 11, 13, 14, 60, 64]. Other domains, including human resource
management and e-commerce, typically require a combination of
automatic and on-demand explanations [9, 16, 21, 57, 79]. Overall,
prior work suggests that explanations are most commonly deliv-
ered automatically, while supplementary contextual information is
frequently expected on demand. Yet, when explanations should be
proactively delivered remains insufficiently specified.

Despite substantial progress in generating robot explanations
and detecting robot errors, it remains unclear whether:

• users explicitly communicate their need for explanations
• explanation needs can be inferred from implicit signals

While much prior research focuses on generating robot explana-
tions or detecting robot errors and confusion-related behaviours,

1Uncertainty here refers to its interactional and participatory role in dialogue. While
explanation generation is also closely related to model uncertainty [4], our focus is on
observable behavioural signals arising during interaction.

Figure 1: Formulation of early explanation-need detection.
Positive labels denote explanation-need segments preceding
the request. Early detection is operationalised as a threshold
occurring within a lead window before the explicit request.

comparatively less attention has been given to determining when
explanations are needed. Existing work has established robust
paradigms for robot error detection and confusion detection [43, 44,
47, 67, 68, 73]. However, these approaches primarily model system
failures rather than users’ emerging explanation needs, or rely on
third-person annotations of explanation need [72]. In practice, ex-
planation needs do not arise solely from errors, and not all errors or
confusion warrant an explanation. Our dataset and analysis there-
fore complement prior work by modelling the implicit behavioural
signals that precede explicit explanation requests.

This paper does not aim to explain robot behaviour or address
task-related errors. Instead, we focus on human behavioural signals
that arise in response to interactional irregularities andmay precede
explicit explanation requests. Concretely, we investigate whether
explanation needs can be detected from multimodal human signals
before they are verbally articulated, through a machine learning
analysis. More broadly, our work emphasises the benefits of robots
equipped with predictive forward models capable of anticipating
interactional outcomes. Within this perspective, explanations can
be understood not merely as reactive outputs, but as interactional
resources that support the establishment of common ground [18].

3 Problem Formulation: Explanation Need
Let {x𝑡 }𝑇𝑡=1 denote a temporally aligned multimodal time series,
where x𝑡 ∈ R𝑑 contains the features extracted at time 𝑡 . For each
interaction episode 𝑖 , we observe an explicit explanation request time
𝑡
(𝑖 )
𝑟 , operationalised by the onset of the explanation_request
(a 0 → 1 transition). A model produces a frame-level score 𝑠𝑡 =

𝑓 (x1:𝑡 ) (or probability 𝑝𝑡 = 𝜎 (𝑠𝑡 )) indicating the likelihood that
an explanation will be requested imminently. Given a decision
threshold 𝜃 , we define the detection time for episode 𝑖 as the first
threshold crossing within a lead window of length𝑊 > 0 seconds
prior to the request:

𝑡 (𝑖 ) =min
{
𝑡 ∈ [𝑡 (𝑖 )𝑟 −𝑊, 𝑡

(𝑖 )
𝑟 )

��� 𝑝 (𝑖 )
𝑡 ≥ 𝜃

}
. (1)

If no such 𝑡 exists, we set 𝑡 (𝑖 ) = ∅.
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We quantify earliness via the lead time (in seconds):

ℓ (𝑖 ) =

{
𝑡
(𝑖 )
𝑟 − 𝑡 (𝑖 ) , 𝑡 (𝑖 ) ≠ ∅,
0, otherwise.

(2)

An episode is considered successfully detected early if a threshold
crossing occurs within the lead window:

I(𝑖 )det (𝑊 ) =
{
1, 𝑡 (𝑖 ) ≠ ∅,
0, otherwise,

(3)

and the event-level detection rate is:

DR(𝑊 ) = 1
𝑁

𝑁∑︁
𝑖=1

I(𝑖 )det (𝑊 ), (4)

where 𝑁 is the number of request events. We report DR(𝑊 ) to-
gether with the distribution of ℓ (𝑖 ) (e.g., median and mean lead
time) over detected events. We set 𝜃 per fold as the 𝑞-th quantile
of scores on training negatives (with 𝑞 = 0.99), to control false
alarms. Robot log entries with non-interaction system states were
excluded, as these correspond to robot initialisation, termination,
and idle behaviour. Similarly, intervals associated with explanation
presentation were removed to avoid label leakage.

4 Method
4.1 Dataset
To evaluate explanation need in an interactional setting capable of
eliciting a broad range of user reactions and behaviours associated
with such needs, we used a dataset from Kontogiorgos and Shah
[45, 46]. This study was approved by the Institutional Review Board
(IRB) at Massachusetts Institute of Technology (MIT). The dataset
comprises 33 participants (14 female, 19 male), with an average age
of 30.3 years (±9.7). Participants reported high English fluency (4.6
±0.5), technology experience (4.6 ±0.7), and comparatively lower
robot experience (2.9 ±1.2) on a 1-5 scale. In the dataset, each ex-
perimental session lasted between 1 and 1.5 hours. Participants
completed three robot-assisted assembly tasks, yielding 99 human-
robot interaction sessions and 28.1 hours of multimodal recordings.
The dataset was selected due to its interactional structure, including
explicit explanation requests from users and task-related irregulari-
ties (robot errors [47]), which provide observable conditions under
which explanation needs may emerge.

In the study (Figure 2), participants assembled structures made
of PVC pipes with robotic assistance. The pipes were positioned
between the participant and the robot, and the robot handed over
components upon request. The interactions were recorded using
two depth cameras capturing participants’ body pose and facial ac-
tion units, along with a close-talking microphone capturing speech
and acoustic features. The interactions included moments in which
the robot failed, naturally creating situations of uncertainty. Partic-
ipants were informed that, in such moments, they could verbally
request the robot to provide explanations, which triggered the ro-
bot to display an explanation on a screen. We extracted instances
where a robot error occurred and a participant explicitly requested

Figure 2: Experimental setup. Multimodal sensor streams
captured user behaviour, including body pose, facial expres-
sions, gaze, and speech. Reprintedwith permission from [45].

an explanation. The interactions were temporally aligned and times-
tamped across multiple multimodal streams captured through sev-
eral sensors. In the following, we describe the multimodal machine
learning pipeline developed to model these signals.

The interaction framework leveragedMicrosoft Azure Automatic
Speech Recognition (ASR) for speech-to-text processing, GPT-4 for
dialogue management, and Azure Text-to-Speech (TTS) for vocal
output. The extraction of labels was performed as follows (Figure
1). All instances in which a robot error occurred and a participant
explicitly requested an explanation were identified. For each in-
stance, we labelled the time-series data spanning from the moment
the error occurred until the participant’s explanation request as
explanation-need segments. Our modelling objective is to determine
how early the need for explanation can be detected prior to explicit
verbalisation by the participant.

4.2 Feature Extraction
All multimodal signals were temporally aligned at the recording rate
of 3Hz. Sensor data from depth cameras andmicrophoneswere used
for feature extraction. Voice activity detection was applied to isolate
voiced segments, enabling the computation of acoustic features
from speech behaviour. Our representation combines high-level
behavioural descriptors with low-level video-based embeddings,
allowing the models to capture both interpretable interaction cues
and rich latent multimodal patterns (Figure 3, Table 6).
SpeechAcoustics. From the audio signal, we extract features based
on the Geneva Minimalistic Acoustic Parameter Set (GeMAPS) [24],
which comprises descriptors related to frequency, energy, spectral
balance, pitch, jitter, shimmer, harmonic properties, and tempo-
ral characteristics of the voice. GeMAPS was selected due to its
established use in modelling affective and paralinguistic speech
characteristics. We also extract audio features capturing speaker
activity (robot vs human). The extracted features capture both in-
teraction structure (speaker activity) and paralinguistic properties.
Linguistic and Interactional Features. Automatic Speech Recog-
nition (ASR) transcripts are used to derive linguistic and temporal
descriptors capturing interaction dynamics. These include features
encoding temporal context, disfluencies, speech rate, robot activity,
and recent-error context. We further extract part-of-speech (POS)
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Figure 3: Overview of the multimodal ML pipeline. Low-level
representations are combined with high-level behavioural
descriptors, fused via early concatenation at the frame level.

statistics, sentiment-related features, and sentence-level embed-
dings (Sentence-BERT embeddings [58]), enabling the models to
capture both structural and semantic properties of user speech.
Facial features. Facial Action Units (FAUs) are extracted using
OpenFace [3]. For each FAU, we retain a binary feature indicating
activation and a continuous feature representing the intensity of the
activation, capturing the presence/magnitude of facial behaviour.
Pose features. Using the Kinect SDK, we extract pose features de-
rived from 3D body keypoints. These features capture users’ body
configuration and movement throughout the interaction, enabling
the modelling of spatial and kinematic properties of user behaviour.
In addition to static skeletal descriptors, we compute kinematic fea-
tures capturing motion dynamics, including velocity, acceleration,
and jerk of major body joints. We further derive relational features
encoding spatial configuration and user–robot geometry (joint dis-
tances, posture alignment), together with event-based behavioural
indicators (hand raises, pointing gestures).
Gaze features. Gaze behaviour is modelled using probability esti-
mates describing users’ visual attention throughout the interaction.
These features encode whether participants orient their gaze to-
wards the robot, the workspace, task-relevant objects, or the screen.
Visual Embeddings.We extract low-level visual representations
using a ResNet-based convolutional neural network [32]. Frame-
level embeddings derived from the visual stream capture rich latent
structure in users’ movement, providing a representation of visual
dynamics, complementing the high-level behavioural features.

4.3 Multimodal Representation and Prediction
All extracted features are fused via feature-level concatenation
and processed in three stages (Figure 3): (1) feature extraction, (2)
time-series representation, and (3) classification. The prediction
task aims to estimate whether a user will produce an explicit ex-
planation request in the near future. The model is designed for
real-time deployment and leverages features describing both the
user’s behavioural state and the system’s own behaviour. System-
level features include indicators of whether the robot is currently
speaking, when it last spoke, and the elapsed time since the most
recent explanation. These variables allow the model to account for
interactional context while preventing redundant or temporally
inappropriate explanation behaviour. Given multimodal time-series

Hyperparameter Isolation Forest Random Forest

Configurations evaluated 54 48
𝑛estimators 100 200
max_samples 0.5 –
max_features 0.5 0.5
max_depth – 20
min_samples_split – 5
min_samples_leaf – 2
contamination 0.005 –
anomaly threshold 0.99 quantile –

Table 1: Best-performing hyperparameters obtained through
grid search for the Isolation Forests and Random Forests.

data capturing user behaviour during interactions involving ro-
bot errors, the objective is to detect moments when users require
explanations, as well as how early such needs can be predicted.
This formulation enables real-time inference, supporting adaptive
explanation strategies in interactive robotic systems.

This formulation also allows predictions to be updated continu-
ously; given the sampling rate of 3Hz, the model generates updated
estimates three times per second. The model outputs a score for
each window, and for each true event onset we evaluate whether
the score exceeds a predefined threshold within a lead window pre-
ceding the explanation request. Event-level metrics are computed
based on the temporal overlap between predicted above-threshold
segments and labelled pre-event intervals. Thus, early detection is
defined by threshold crossings within pre-event windows. Missing
values are handled by computing per-feature medians on the train-
ing data, with NaN values imputed using these medians (falling
back to zero for features with entirely missing values).

4.4 Models and Experimental Setup
We conduct experiments using two complementary learning ap-
proaches. First, we employ an unsupervised anomaly detection
method based on Isolation Forests (IF), which is evaluated against
the ground-truth labels. Second, we use a supervised ensemble
classification model based on Random Forests (RF). Both IF and RF
are ensemble tree models; however, IF operate in an unsupervised
manner by detecting anomalies, while RF rely on labelled data to
perform supervised classification. IF was trained only on negative
frames, then scored on all frames. Hyperparameter tuning was
performed for both models using grid search. A total of 54 config-
urations were evaluated for Isolation Forest and 48 for Random
Forest. The best-performing configurations are reported in Table 1.
These hyperparameters were used in the Leave-One-Participant-
Out (LOPO) cross-validation evaluation for both models.

Both models are implemented in Python and trained on an
NVIDIA Spark 20-core CPU and 128GB of memory. The frame-
level label distribution further highlights the strong class imbalance
inherent in the dataset. Across all aligned frames, the explanation-
need label comprised 6,304 positive sample frames and 165,519
negative sample frames. This imbalance motivates the use of evalu-
ation metrics robust to skewed class distributions. We also report
feature importance alongside AUROC and AUPRC metrics to ac-
count for the imbalanced class distributions. Feature importance
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Metric Baseline Isolation Forest Random Forest
AUROC (mean) 0.50 0.52 ± 0.11 0.70 ± 0.10
AUPRC (mean) 0.04 0.07 ± 0.05 0.14 ± 0.09

Table 2: Frame-level classification and ranking performance.
The baseline corresponds to the majority ranking.

Metric Isolation Forest Random Forest
Detection Rate 0.90 0.52
Median Lead Time (s) 3.33 6.00
Mean Lead Time (s) 3.85 6.51

Table 3: Early detection performance using a 10s leadwindow.

was computed using impurity-based importance (Mean Decrease
in Impurity with Gini criterion). In LOPO, importances were com-
puted per fold and then aggregated as mean ± std across folds.
Early-detection performance is quantified using event-level detec-
tion rate and lead-time statistics (median and mean), computed
relative to explicit explanation-request onsets from the users.

4.5 Motivation for Explanation Requests
While the present work does not explicitly model users’ motiva-
tions for requesting explanations, the dataset includes self-reported
responses from the Curiosity Checklist [36]. Participants indicated
their motivation for requesting explanations by reporting one or
more predefined reasons related to curiosity and explanation-seeking
behaviour. These responses are analysed descriptively to contextu-
alise the observed explanation requests in the interaction.

5 Results
The performance of the unsupervised Isolation Forest and super-
vised Random Forest models is summarised in Tables 2 and 3. To
characterise user behaviour, we analysed the temporal relationship
between robot errors and explicit explanation requests. On average,
participants requested explanations 11.87𝑠 after an error occurred
(±6.20𝑠), indicating substantial variability in response timing.

5.1 Classification and Ranking Performance
At the frame level, RF consistently outperforms IF across classi-
fication and ranking metrics, indicating that RF provides better
discrimination under class imbalance, suggesting improved separa-
bility between explanation-need and non-need frames.

5.2 Behavioural Evidence of Explanation Need
Early detection analysis reveals complementary model behaviours.
Isolation Forest achieves markedly higher detection rates, iden-
tifying most explanation request events within the lead window.
However, RF produces substantially longer lead times when detec-
tions occur, suggesting more temporally stable predictions. This
difference reflects the inherent trade-off between sensitivity and
selectivity: IF frequently signals anomalies, whereas RF generates
fewer but earlier predictions relative to explicit requests. Detection

Modality Importance (%)
Visual Embeddings (ResNet) 63.61
Pose / Kinematics 20.39
Engineered NLP 10.91
Interaction Context / State 2.79
Gaze 1.18
Speech Acoustics 0.70
Facial Action Units 0.34
Text Embeddings (SBERT) 0.08

Table 4: Aggregated feature importance by modality (RF).

Motivation Responses (%)

I want to know what the AI just did 24.2
I want to know that I understand this AI system correctly 36.4
I want to understand what the AI will do next 18.2
I want to know why the AI did not make some other decision 51.5
I want to know what the AI would have done if something had
been different

36.4

I was surprised by the AI’s actions and want to know what I
missed

60.6

Table 5: Self-reported motivations for requesting explana-
tions, revealing that explanation requests are predominantly
associated with surprise and counterfactual reasoning mech-
anisms. *Responses were not mutually exclusive.

performance is quantified at the event level, ensuring that evalua-
tion reflects the models’ ability to anticipate explanation-request
episodes rather than individual frame classifications.

5.3 Feature Importance Analysis
To better understand which information sources drive explanation-
need prediction, we aggregate feature importance scores by modal-
ity. Table 4 summarises the proportion of total importance attrib-
uted to each feature group. Visual embeddings derived from ResNet
features dominate the model, accounting for approximately 63.6%
of the total importance. This indicates that rich visual represen-
tations capture substantial behavioural information relevant to
emerging explanation needs. Pose and kinematic features consti-
tute the second most influential modality (20.4%), suggesting that
users’ body configuration and movement dynamics provide mean-
ingful cues. Engineered NLP features contribute 10.9% of the total
importance, highlighting that linguistic structure, disfluencies, and
sentiment-based descriptors encode complementary signals. Inter-
action context features (temporal variables describing recent system
activity) provide a smaller but consistent contribution (2.8%), re-
flecting the relevance of conversational and task-state dynamics.
Gaze, speech acoustics, and facial action units collectively account
for a modest proportion of importance. While individually weaker,
these modalities likely provide stabilising or disambiguating in-
formation when combined with stronger visual and pose-based
representations. Overall, the results suggest that explanation-need
prediction is primarily driven by multimodal behavioural represen-
tations, with visual and kinematic signals serving as the dominant
sources of predictive information.
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5.4 Reported Motivation for Explanation Need
Responses indicate that explanation requests were predominantly
driven by surprise and uncertainty (Table 5). A chi-square goodness-
of-fit test showed that the distribution of motivations deviated
significantly from a uniform distribution (𝜒2 = 11.16, 𝑝 = 0.048),
suggesting that explanation requests were not randomly motivated
but systematically associated with distinct cognitive mechanisms.
Reported motivations included expectation violation, uncertainty,
mental model monitoring, and counterfactual reasoning.

5.5 Summary of Findings
Overall, these results highlight that the supervised RFmodel achieves
superior discriminative performance, particularly in ranking met-
rics, indicating improved modelling of explanation-need structure.
In contrast, the unsupervised IF model exhibits higher detection
sensitivity, highlighting its ability to capture deviations in user
behaviour without reliance on labels. These results underscore the
complementary strengths of anomaly detection and supervised clas-
sification for modelling explanation-related interaction dynamics.

6 Discussion
The results indicate that explanation needs can be detected prior to
explicit requests using multimodal signals. Although frame-level
classification performance remains modest due to class imbalance,
both models exhibit reliable early-detection behaviour, suggesting
that explanation-seeking behaviour presents measurable precur-
sors. Specifically, the models detect instability in users’ non-verbal
signals several seconds before an explicit explanation request, with
mean lead times of 3.8s for the unsupervised model and 6.5s for the
supervised model. The importance of non-verbal cues is reflected in
the models’ reliance on visual and kinematic signals. The observed
performance patterns further suggest a complementary relationship
between anomaly detection and supervised classification, depend-
ing on label availability and the temporal requirements of early
detection. When multimodal signals are jointly modelled, the pro-
posed pipeline captures distinct dimensions of interaction, includ-
ing kinematic variation, visual representations, and the linguistic
structure of user speech preceding explicit explanation requests.
The integration of these signals enables the model to develop a
more robust representation of the user’s interactional context and
to anticipate uncertainty arising from robot errors. Such models can
be deployed across a range of HRI scenarios, including settings that
complement existing error detection frameworks [44, 67, 68, 73].

Notably, the predominance of surprise-driven requests suggests
that explanations primarily function as mechanisms for repair-
ing expectation violations and restoring alignment between users’
mental models and robot behaviour. This observation complements
the main modelling results by indicating that explanation requests
often arise from cognitive states associated with uncertainty and ex-
pectation mismatch, which may manifest through the behavioural
signals captured by the multimodal features used in the models.

Limitations and Future Work
The unsupervised approach, while conceptually appealing for real-
world deployments, exhibited comparatively low predictive perfor-
mance. This outcome is likely influenced by the pronounced class

imbalance present in the dataset. Explanation requests represent
relatively rare events in HRI, as the majority of interaction does
not involve an explicit need for explanation. However, when expla-
nation needs do arise, the associated behavioural signals tend to be
strong, which partly motivates the relevance of anomaly detection
frameworks. Future work should explore modelling approaches that
explicitly capture temporal dynamics, including sequence-aware
models and alternative stride-based representations [71]. While
the present study focused on frame-level prediction, richer tempo-
ral modelling may better characterise the evolution of explanation
need signals over time. Another limitation of the present evaluation
is that no additional hold-out test set or nested cross-validation
was used beyond the LOPO cross-validation procedure. This may
introduce a modest risk of overfitting hyperparameters to the vali-
dation data. Furthermore, the models were trained and evaluated on
a dataset involving collaborative, low-stakes decisions. It remains
unclear how these findings extend to other interaction contexts,
particularly those involving non-collaborative settings or higher-
stakes decisions. In safety-critical applications, explanation needs
may manifest differently, exhibiting stronger or more polarised
behavioural patterns. We therefore advise caution when attempting
to generalise these results beyond the studied interaction setting.

Additionally, the models developed in this work provide the
opportunity to proactively construct explanations based on user
signals.While the present study examines the timing of such signals,
determining when to provide an explanation requires empirical
investigation. Explanations delivered at inappropriate moments or
without sufficient contextual grounding may produce unintended
negative effects [34]. The central premise of the proposed models
is to determine whether deviations emerge in users’ behaviour or
whether the interaction progresses as expected. Such deviations
can be interpreted relative to interactional norms, including princi-
ples of cooperative communication [28]. Within this perspective,
misalignment or breakdowns in coordination may naturally invite
explanation-oriented behaviour. These findings imply that explana-
tion need constitutes an emergent interactional state rather than a
purely reactive event. At the same time, performance remains con-
strained by label scarcity and dataset-specific interaction dynamics.

Conclusion
In summary, determining when explanations are necessary is cen-
tral to responsible AI deployment. Explanations promote trans-
parency, support the identification of potential biases [12, 33], and
shape how users interpret, trust, and act upon algorithmic decisions
[20]. Beyond fostering trust, explanations in human-robot interac-
tions provide insight into how robot decisions are formed, including
the communication of uncertainties and potential biases. We hope
this work encourages further research on proactive explanation
models for real-world applications [77], supporting transparency,
interpretability, improved understanding, and socially aware robot
behaviour in both domestic and industrial settings.
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A Appendix: Model Features by Modality
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Modality Features Type

Visual Embeddings x2048 (ResNet visual embedding) continuous

Pose / Kinematics All 3D joint coordinates (Elbow, Wrist, Shoulder, Spine, Head, Nose, etc.; X/Y/Z) continuous
Derived kinematics (speed, acceleration, jerk, distances, joint angles, torso lean/twist,
head orientation, alignment measures)

continuous

Asymmetry and difference metrics continuous
Hand state indicators (left/right_hand_raised, pointing) binary
Hand event indicators (raise_event, point_event) binary

Engineered NLP Disfluency counts (tokens, fillers, repetitions, corrections; raw + per 100 words) continuous
Word count, speech rate (wps, wpm) continuous
POS tag counts (raw + per 100 words) continuous
Sentiment scores (neg, neu, pos, compound) continuous
Robot speaking indicator binary

Interaction Context Time since user speech continuous
Time since robot speaking continuous
Time since explanation continuous
Time since request continuous

Gaze robot_gaze, table_gaze, robottable_gaze, basket_gaze, screen_gaze continuous

Speech Acoustics Energy features (frequencydomainenergy, logenergy, lowfrequencyenergy, Loud-
ness_sma3)

continuous

Spectral features (spectralentropy, spectralFlux_sma3, alphaRatio_sma3, hammar-
bergIndex_sma3, slope features)

continuous

MFCCs (mfcc1–4_sma3) continuous
F0 and voicing features continuous
Formant frequencies (F1–F3 freq/bandwidth/amplitude) continuous
Voice quality (jitter, shimmer, HNR) continuous

Facial Action Units AU01–AU45 (intensity) continuous
AU01–AU45 (occurrence) binary

Text Embeddings
(SBERT)

x384 (SBERT embedding) continuous

Table 6: Features used in the models, grouped by modality. Feature type indicates whether the variable is continuous or binary.
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