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Abstract 
Achieving socially compatible human-AI interaction requires sys-
tems that can interpret and respond to human emotions appropri-
ately in complex social environments. While traditional emotion 
recognition models rely heavily on facial or bodily expressions, 
a growing body of research demonstrates that such cues are in-
sufficient without the dynamic, multimodal contextual cues. Po-
sitioned at the intersection of cognitive psychology and AI, this 
work identifies three essential qualities for context-sensitive emo-
tion recognition (CSER): generalizability to unseen scenarios, data 
efficiency in adapting to new contexts, and reliability in predic-
tive performance across contexts. We outline a research plan that 
systematically investigates the role of contextual factors, domain 
adaptation, and uncertainty quantification in building CSER models 
capable of robust performance across real-world settings. Our ap-
proach integrates computational rigour with ethical responsibility 
to lay the foundation for next-generation emotion-aware systems 
that are not only accurate but also trustworthy, transparent, and 
support human well-being in digital interactions. 

CCS Concepts 
• Human-centered computing → Human computer interac-
tion (HCI); • Computing methodologies → Cognitive science; 
Theory of mind. 

Keywords 
Context-aware Emotion Recognition, Affective Computing, Con-
text, Data-efficiency, Generalisation 
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1 Introduction 
Emotion is fundamental to human social cognition, shaping how we 
interpret others’ intentions, beliefs, and values [20]. Extensive evi-
dence suggests that emotions modulate key cognitive functions [45], 
including perception, learning, memory, reasoning, and problem-
solving, by prioritising emotionally salient stimuli [41]. Thus, in a 
world where we envision intelligent systems closely collaborating 
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with humans in complex environments, such as healthcare or ed-
ucation, the ability to automatically infer emotions is essential 
[31, 34]. It not only allows for modelling human experience but 
also for capturing human utility functions for the development of 
human-compatible [38] intelligent systems. 

Despite its critical role in social interaction, emotion recognition 
in computational models has traditionally been framed as a super-
vised pattern recognition problem [48], primarily based on facial 
or bodily expressions. However, growing empirical evidence indi-
cates that expressions alone are insufficient for accurate affective 
inference, as human emotion perceptions are deeply influenced by 
contextual factors [3, 10, 37]. In response, the field of affective com-
puting has started to explore context-aware emotion recognition 
(CAER), with datasets and models that explicitly incorporate contex-
tual information [24]. Integrating such features has been shown to 
significantly enhance model performance, particularly by account-
ing for subjectivity and ambiguity inherent in emotional expression 
[29]. Nevertheless, CAER presents substantial challenges due to its 
inherently multimodal, dynamic and temporally extended nature 
[4]. Effective emotion recognition often depends on a complex in-
terplay of facial cues, speech, prosody, body posture, environmental 
cues, and social dynamics. These components span diverse data 
modalities, including text, audio, video, and images, demanding so-
phisticated multimodal integration strategies for robust modelling. 

Many existing CAER approaches focus on minimising predic-
tive error within curated, labelled datasets [9, 14, 16]. However, for 
intelligent agents to collaborate effectively in complex, real-world 
environments, they must generalise beyond narrowly defined train-
ing distributions. This generalisation remains a key challenge due to 
the inherent context-sensitive nature of emotion recognition, where 
expressions and emotions are intricately shaped by contextual cues. 
Capturing the breadth of possible relationships between expression, 
context, and emotion labels would require large-scale, diverse data 
collection across numerous environments. Yet, such data acquisi-
tion is often constrained by privacy, logistical, and ethical concerns, 
particularly in sensitive domains such as healthcare and education. 
These challenges highlight the need to develop multimodal models 
for context-sensitive emotion recognition (CSER) that can operate 
robustly across diverse environments. In this work, we define CSER 
as an encompassing framework that includes both context-aware 
and context-invariant approaches, as well as ensembles thereof, all 
aimed at achieving reliable generalisation across diverse settings. 

Emotion recognition, as a sensitive application, has recently 
come under increasing scrutiny from policymakers, particularly in 
light of regulations such as the GDPR and the EU AI Act. This reg-
ulatory attention has prompted a growing shift among researchers 
and developers toward ethically aligned and responsible design 
practices for emotion recognition technologies [30]. In this context, 
it is essential to recognise that building robust CSER models that 
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perform reliably across previously unseen settings remains a signif-
icant challenge. Thus, for high-stakes domains such as healthcare, 
where incorrect predictions can lead to harmful consequences, it is 
often preferable for a system to abstain from making a prediction 
when uncertainty exceeds acceptable thresholds rather than risk an 
erroneous one [19]. To support this endeavour, CSER models must 
be capable of quantifying uncertainty. While multimodal emotion 
recognition has attracted interest from both academia and industry, 
there remains limited focus on integrating uncertainty quantifi-
cation into CSER systems. In this work, we argue that advancing 
computational models of emotion recognition requires not only 
improving their generalisability but also ensuring their reliability 
through principled uncertainty estimation. 

In the following sections, we begin by discussing our research 
objective, Section 2. Then, we provide a brief review of the related 
works in Section 3. In Section 4, we describe our current progress, 
which aims to answer the first research question. Finally, Section 5 
outlines our planned future work, which aims to answer the re-
maining questions. 

2 Research Objective 
Our goal is to develop a multimodal CSER model that is effective 
across diverse real-world settings. For this, we start by defining the 
qualities of effectiveness (QEs) for a multimodal CSER model as: 

• Generalisability. The ability to perform well in previously 
unseen, novel contexts. 

• Data-efficiency. The capacity to adapt to new contexts with 
minimal supervision or data [44, 47]. 

• Reliability. Consistent predictive performance across di-
verse conditions. 

Towards achieving our goal, we identify three key research chal-
lenges. We summarise them below, along with the corresponding 
research questions aimed at addressing each challenge. 

C1. Effect of context in generalisability. Emotion recognition is 
deeply influenced by a range of contextual cues, including personal, 
situational, and cognitive factors. As a result, the CAER models 
trained on specific, curated datasets would struggle to generalise 
to novel environments where one or more contextual dimensions 
differ, leading to distribution shifts. The nature and severity of this 
impact would vary depending on the type of distribution shift en-
countered, such as covariate shift, label shift, or concept shift, each 
of which may arise from changes in specific contextual variables 
between training and test conditions. Moreover, generalisation may 
be affected by spatial and temporal contexts [36]. Despite the clear 
dependence of emotion recognition on contextual factors, there 
is a lack of principled investigations into how different types of 
context affect model generalizability. To address this gap, we pose 
the following research questions: 

• RQ1a. What contextual factors impact generalisation? 
• RQ1b. How does each contextual factor affect a model’s 
ability to generalise across different settings? 

C2. Data-scarcity in real-world contexts. To enable CSER models 
to perform effectively in new, unseen environments, a straightfor-
ward solution might involve collecting large volumes of data from 

Figure 1: Planning over Emotional Theory of Mind. Style: 
Red indicates observable states, Orange represents unob-

servable states; Grey represents processing units. Blue 
represents the contextual factor for each component [9]. 

the target domain and fine-tuning the model by minimising super-
vised predictive error. However, this strategy is often impractical 
due to logistical constraints, privacy concerns, and ethical limita-
tions associated with data collection in real-world settings. Conse-
quently, there is a pressing need for CSER models that can adapt 
to novel domains using minimal data and supervision. Approaches 
such as meta-learning have shown promise in this regard, offering 
mechanisms for rapid adaptation with limited examples. Similarly, 
recent advances in causal representation learning [40] suggest it 
may enable more data-efficient generalisation across domains. De-
spite this, there is a notable lack of comparative studies evaluating 
the data efficiency of these adaptation methods specifically within 
the context of CSER. To address this research gap, we pose the 
following question: 

• RQ2. What is the data efficiency of different domain adapta-
tion methods for CSER approaches? 

C3. Quantifying uncertainty towards reliable CSER. Errors in 
emotion recognition can have serious consequences, and even psy-
chological harm, particularly in high-stakes environments such as 
healthcare. To ensure ethically aligned design of CSER systems, it is 
therefore critical that these models can assess and communicate the 
risk associated with their predictions. A principled approach to un-
certainty quantification would enable CSER models to abstain from 
making unreliable predictions, thereby enhancing their trustworthi-
ness and safety. Despite its importance, uncertainty quantification 
has received limited attention in the development of CSER models. 
To address this gap, we pose the following research question. 

• RQ3. How to quantify the uncertainty of CSER models? 

3 Related Work 
Emotions are structured psychological states [33] that arise in re-
sponse to internal or external events that are appraised [39] as 
significant to an individual’s goals, beliefs, and values. These states 
involve coordinated changes across experience, expression, physiol-
ogy, and behaviour. Owing to recent developments in computational 
cognitive modelling, researchers have been able to test hypotheses 
about how people make inferences about the social world [1, 2]. 
Within this broader effort, our focus lies on affective cognition [31], 
which is the computational study of how individuals infer, reason 
about, and respond to the emotional states of others. In particular, 
we base our review of related work in the framework of Emotional 
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Theory of Mind (EToM) [20, 32], which characterises emotion in-
ference in terms of two primary causal relationships: antecedents 
(i.e., "What does the perceiver believe caused the target’s emotional 
state?") and descendants (i.e., "How does the perceiver believe the 
target’s emotion influences their behaviour or expression?"), as 
illustrated in Figure 1. Throughout the discussion, we refer to the 
person making the inference as the perceiver, and the person whose 
emotional state is being inferred as the target. Using this framework, 
we organise the literature into two major categories of affective 
inference: (i) Emotion Recognition, which involves reasoning “back-
ward” from the target’s observable behaviour to their emotion, and 
(ii) Context-Aware Emotion Recognition, which extends emotion 
recognition by incorporating the “forward” reasoning about the 
target’s emotion given contextual cues such as situational factors, 
stimuli, and the target’s other mental states. 

Emotion Recognition. Earlier works treated emotional expres-
sions as biologically rooted and largely universal [11]. This perspec-
tive led to the development of computational models focused pri-
marily on inferring emotion directly from facial expressions. These 
models typically relied on feature extraction methods such as the 
Facial Action Coding System (FACS) [12], followed by supervised 
learning techniques to map expressions to discrete emotion cate-
gories or continuous dimensions like Valence-Arousal-Dominance 
(VAD). This closely resembles Thinking Fast, or System 1 think-
ing, in the dual-process model of cognitive processes [23], which 
operates quickly and intuitively, based on certain heuristics. How-
ever, recent research has increasingly challenged this view. While 
emotions may manifest externally as facial or bodily expressions, 
these expressions do not carry intrinsic meaning [3, 4, 49]. Instead, 
affective cognition depends on the integration of expressive cues 
with contextual information and inferences about the mental states 
of the observed individual [8, 22]. For example, crying may ex-
press sadness, joy, relief, or frustration. The same facial configu-
ration comprising tears and a contorted face could indicate vastly 
different emotional states depending on the situation (e.g., at a 
funeral versus a wedding). Moreover, individuals from different 
cultural backgrounds often vary in their perceptions of emotions 
[15]. These findings underscore the inherent ambiguity and context-
dependence in mapping expressions to emotional states, motivating 
a shift toward context-aware approaches. 

Context-Aware Emotion Recognition. Contrary to earlier works, 
recent research has underscored the critical role of context in shap-
ing how emotions are perceived. Context refers to the collection 
of environmental, social, and cultural factors that provide inter-
pretive scaffolding for emotional inference [5]. Notably, observers 
also bring prior knowledge into supposedly context-free settings, 
including task-specific expectations [6] and conceptual priors ac-
cumulated through lived experience [7]. To account for the joint 
influence of expression and context, recent approaches in CAER 
have incorporated both backwards reasoning from expression and 
forward inference from context. These models typically treat the 
extraction of emotional cues from expressions and context as dis-
tinct processes, which are later integrated into a unified decision 
framework. This process is referred to as emotional cue integration 
[32, 42]. A key challenge in this integration is extracting meaningful 

emotional cues from the context. One well-known framework guid-
ing this effort is Appraisal Theory [35], which posits that emotions 
arise from how individuals appraise events relative to their goals, be-
liefs, and values. Computational models that implement this theory 
aim to perform third-person appraisals [21, 50, 51], where the per-
ceiver infers how a target might appraise a given situation. Within 
a dual-process theory of cognition, this corresponds to System 2, 
or Thinking Slow, which involves deliberative, logical reasoning 
and causal inference. However, modelling third-person appraisal 
presents several challenges. First, defining a complete set of ap-
praisal dimensions either requires adaptation from first-person 
appraisal theories, which would require empirical validation in 
third-person contexts, or relies on data-driven similarity analyses 
[43], which are computationally expensive and methodologically 
complex. Second, establishing a mapping from appraisal dimen-
sions to emotion labels is non-trivial, often hindered by the limited 
availability of annotated data. Third, reliably extracting appraisal 
dimensions from real-world data remains an open challenge. To 
address these limitations, researchers have leveraged vision-based 
pipelines [29] and large language models (LLMs) [14] to extract 
contextual features from visual scenes [24, 26] or event descriptions 
[21], and have used end-to-end learning frameworks to infer emo-
tion labels from these cues [13]. While they offer promise, there is 
a lack of structured analysis on their effectiveness across different 
contexts, as well as potential biases in closed-source models. Fur-
thermore, it has been shown that fine-tuning these models on CAER 
datasets improves performance. However, this is constrained by the 
ability to collect relevant data across diverse real-world settings. 

4 Ongoing Research 
Currently, our focus is on answering RQ1a and RQ1b. While recent 
advances in end-to-end deep learning-based approaches leverag-
ing VLMs and LLMs have shown promising results, they leave 
open a critical question: Which contextual features are most im-
portant? [18] This gap in understanding largely stems from the 
inherent difficulty of abstracting and reasoning over the complex, 
multidimensional nature of real-world contexts. As models grow 
in scale and complexity, we argue that systematically identifying 
and analysing the contribution of different contextual factors is 
not only overdue but essential for advancing CSER. First, such an 
understanding would guide more strategic and privacy-conscious 
data collection, especially important given the ethical and logistical 
constraints of gathering affective data in sensitive environments. 
Second, it would inform model design by enabling the selection of 
the most discriminative and relevant contextual features, leading to 
simpler, more efficient, and more interpretable models. Additionally, 
it would help us to identify unfair biases. Third, it would provide 
a principled basis for understanding and managing domain shifts 
by revealing contextual variations whose value, when changed, is 
likely to cause a domain shift. Addressing this gap is therefore a 
necessary step toward building CSER systems that are transparent 
and generalisable for real-world, high-stakes applications. 

Datasets. For our analysis, we utilise the EMOTIC dataset [24], 
which comprises a large collection of images with visual context 
sourced from the web and annotated with 26 discrete emotional 
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labels. It is important to acknowledge the limitations of EMOTIC. 
Specifically, the labels are based on third-person annotations rather 
than self-reports, which restricts our study to examining perceived 
emotion rather than felt emotion. Furthermore, the dataset lacks 
metadata about the annotators, which limits our ability to explore 
how a perceiver’s context influences their emotion judgments. 

Contextual Features. To explore the role of context in emotion 
recognition, we focus on a selected subset of contextual factors re-
lated to both the target and the situation. In the preliminary phase 
of our study, we examine two target-related factors: age group 
and cultural background. These were chosen due to practical chal-
lenges associated with data availability for certain instances of these 
contextual factors. For instance, while data collection involving 
younger individuals is relatively feasible, acquiring representative 
data from elderly populations often encounters privacy, ethical, 
and logistical constraints. Similarly, cultural diversity in existing 
datasets is limited, with certain cultural groups significantly un-
derrepresented. Collecting balanced, large-scale data across global 
cultures poses considerable difficulty, especially when aiming to 
capture authentic emotional expressions in natural settings. In 
terms of situational context, we analyse the social setting, distin-
guishing between formal and informal environments, and between 
individuals who are alone versus those in groups. These settings 
influence the expression and perception of emotion, yet captur-
ing data in certain configurations (e.g., formal gatherings) remains 
challenging due to access limitations and ethical considerations. 

A key challenge we encountered is the absence of annotations 
for these contextual dimensions in the EMOTIC dataset. One ap-
proach would involve manually annotating each image or using 
crowdsourcing to label contextual features. However, given the 
exploratory nature of our preliminary study and the need for a 
time- and cost-efficient method, we will employ a Vision-Language 
Model (VLM). The model will be prompted with each image and 
tasked with inferring contextual labels across the selected dimen-
sions. This automated approach provides a scalable mechanism for 
estimating contextual metadata and serves as a first step toward 
identifying the most important contextual factors. 

Proposed Methodology. To systematically evaluate the impor-
tance of individual contextual factors in affective perception, we 
adopt a domain shift–based framework. Our central hypothesis is 
that a contextual factor is critical if altering its value induces a signifi-
cant shift in the data distribution, thereby affecting the CAER model’s 
performance. To this end, we employ the depth- and GCN-based 
EMOTICON model [29], and the CAER-Net model [26]. For each 
contextual factor under investigation, we partition the EMOTIC 
dataset into subsets according to the factor’s distinct values (e.g., 
different age groups or social settings). 

We then assess domain shift along three complementary axes. 
First, we measure cross-split generalisation performance: a model is 
trained on one subset and evaluated on the others to observe the 
change in accuracy. Second, we estimate the data efficiency required 
for adaptation by computing sample-wise learning curves when 
fine-tuning a model trained on one subset with data from other 
subsets. Third, we quantify distributional divergence directly in the 
feature space of the CAER model using statistical measures such as 

Maximum Mean Discrepancy (MMD) [17] and sliced Wasserstein 
distance [46], computed over intermediate representations obtained 
from models trained on different subsets. Together, these analyses 
allow us to identify which contextual dimensions induce the great-
est distributional shift and, consequently, are most influential in 
shaping emotion recognition performance. 

5 Future Research Directions 
We outline our future research goals to answer RQs 2 and 3. 

Generalisability. Building on the contextual factors identified in 
Section 4, a key direction for future work is to develop strategies 
that enable data-efficient generalisation across domain shifts in-
duced by changes in contextual variables. Traditional approaches, 
such as fine-tuning large pre-trained models or applying meta-
learning, typically rely on either substantial adaptation data or 
prior exposure to all relevant contexts during training. These as-
sumptions are often unrealistic in real-world scenarios, where AI 
systems are expected to function reliably with minimal or no data 
from unseen settings. To overcome these limitations, we hypothe-
sise that shifting the focus from purely correlational modelling to 
learning causal representations [40] for emotion recognition can 
support the development of robust, transferable representations 
that generalise in a few-shot setting. Recent advances in causal 
representation learning have demonstrated promise in capturing 
the compositional [25, 28] and generalisable [27] structure of hu-
man reasoning, aligning closely with the cognitive mechanisms 
involved in emotion understanding [16]. This research question will 
investigate the validity of this hypothesis and systematically assess 
the trade-offs between data efficiency and predictive performance. 

Reliability. Emotion recognition errors can lead to miscommuni-
cation, reduced user trust, or even psychological harm in sensitive 
applications. Therefore, CAER systems must be able to quantify 
the uncertainty in their predictions, particularly when faced with 
ambiguous or out-of-distribution inputs. This research question 
focuses on modelling both epistemic (model-based) and aleatoric 
(data-based) uncertainty in affective inference. The objective is to 
develop systems that can defer judgment when necessary to human 
experts, upholding safety, ethical standards, and human alignment. 

6 Safe and Responsible Innovation Statement 
Broader Impact. Identifying contextual factors in emotion recogni-
tion improves interpretability, enhances data efficiency, and reduces 
bias by revealing hidden distributional imbalances. By promoting 
generalisability, transparency, and fairness, our work advances the 
development of robust, trustworthy, and emotion-aware systems 
that support human well-being in digital interactions. 

Ethical Considerations. Emotion recognition is classified as a 
“high-risk” application under the EU AI Act, particularly in sensitive 
domains. Our research not only addresses the generalisability of 
CSER models but also prioritises reliability through models that 
transparently quantify uncertainty. This supports regulatory com-
pliance while reflecting a principled commitment to developing 
human-centred and socially responsible AI systems. 
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