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Emotion recognition is a fundamental component of human-centered intelligent systems, supporting applications in healthcare, education, marketing,
and human-computer interaction. Despite rapid progress driven by deep learning across facial, speech, textual, and multi-modal settings, the litera-
ture remains difficult to compare due to inconsistent emotion models, heterogeneous datasets, and varying evaluation protocols. This survey addresses
this gap by providing a unified synthesis of deep learning-based uni-modal and multi-modal emotion recognition within a coherent analytical frame-
work covering emotion modeling, dataset curation, representation learning, fusion strategies, and evaluation. Rather than listing methods, we organize
existing work around key structural choices and trade-offs that affect generalization. For uni-modal approaches, we analyze how facial, speech, and
textual methods increasingly rely on self-supervised pretraining to mitigate annotation scarcity, while retaining modality-specific limitations. For multi-
modal systems, we examine alignment, modality dominance, complementarity, robustness, and the emerging role of large language models in affective
reasoning. We further highlight persistent challenges, including label ambiguity, cross-dataset generalization, fairness, and the gap between bench-
mark performance and real-world deployment. This survey provides a unified perspective and a roadmap for future research. Resources are available at
https://github.com/jackchen69/Awesome-Emotion-Models.

CCS Concepts: » affective computing, deep learning, multi-modal emotion recognition, multimodality, emotion models;

1 INTRODUCTION

Automatic emotion recognition is an increasingly prominent research area aimed at enabling machines to understand human affective states. Early
studies primarily focused on single-modality analysis, such as facial, speech, or textual emotion recognition [1-8]. Facial expressions, such as smiling
or lifting the eyebrows, often indicate emotions like happiness or surprise. Prosodic characteristics in speech, including changes in pitch or loudness,
can similarly reveal states such as sadness or anger. Textual content also conveys affective information through word choice, sentence structure, and
contextual meaning, offering valuable insight into an individual’s emotional state. However, the accuracy of single-modal emotion recognition is often
limited because each modality captures only a partial view of human affect and is easily disrupted by noise. These limitations motivated researchers to
incorporate multiple modalities in order to achieve more robust and comprehensive emotional assessments, ultimately paving the way for the transition
from early single-channel studies to more integrated multi-modal approaches. (see Fig. 1).
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Key Research Questions

How can effective architectures be designed for emotion recognition?

What modalities relate to human emotion?
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I
Behavioral Modalities Physiological Modalities

Fig. 1. Humans express emotions through behavioral and physiological modalities. Emotion recognition has potential applications in healthcare, multi-
media, human-computer interaction, and robotics, among other areas.

Emotion is inherently multi-modal: both internal physiological responses and external behavioral cues contribute to how affect is expressed and
perceived. Multi-modal emotion recognition leverages this richness by integrating heterogeneous sources of information, such as speech, text, facial
expressions, and physiological signals, in order to achieve higher accuracy and robustness than uni-modal approaches [3, 4, 9-11]. By combining com-
plementary cues across modalities, multi-modal emotion recognition systems can better handle noise, occlusion, and linguistic ambiguity, which often
degrade performance when relying on a single modality [12, 13]. As illustrated in Fig. 2, multi-modal fusion enables a more fine-grained interpretation
of affective states, improving both the estimation of emotion intensity and the consistency of categorical labels across speaker turns. Consequently, MER
has become a central focus in affective computing, offering a more comprehensive and reliable framework for emotional inference.
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With the rapid advancement of deep learning methodologies, emotion recognition based on both unimodal and multimodal data has become a major
research focus in this field. A key challenge in this area lies in the effective design of neural network architectures and corresponding loss functions.
Deep learning models are particularly well-suited for emotion recognition tasks because of their ability to automatically learn discriminative feature
representations and to integrate information from multiple modalities. In recent years, considerable attention has been devoted to multi-modal fusion
strategies, especially those incorporating attention mechanisms, among which scaled dot-product attention has gained widespread adoption. Motivated by
these developments, this survey provides a comprehensive review of deep learning-based approaches for unimodal and multimodal emotion recognition
and further outlines several promising directions for future research.

Despite substantial progress in emotion recognition research [3, 5, 14], surveys on unimodal emotion recognition have made notable contributions
by examining individual modalities in depth—covering facial expression recognition, speech emotion recognition, and textual sentiment analysis, with
detailed analyses of preprocessing pipelines, modality-specific feature representations, and model architectures [15-19]. However, these reviews share
a fundamental limitation: they are largely confined to within-modality benchmarking and rarely align emotion label spaces, data collection conditions,
or evaluation protocols across modalities. As a result, cross-modality comparisons remain difficult, and the field lacks a unified theoretical framework
for synthesizing findings—since emotion annotations are inherently subjective and influenced by cultural, linguistic, and contextual factors, resulting in
label ambiguity and poor cross-dataset or cross-language generalization.
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Fig. 2. Uni-modal vs. multi-modal emotion recognition in conversations. Video, Audio, and text capture among other facial, prosodic, and semantic cues.
Speaker turns (F: female, M: male) are shown on the timeline. Multi-modal fusion yields more accurate emotional states across turns, including intensity
and categorical labels.

Table 1. Comparison of our review with state-of-the-art surveys on uni-modal and multi-modal emotion recognition in conversation (2020-2026). A =
Audio, T = Text, V = Visual, P = Physiological.

Pub. [Ref] Year Modality | Uni-modal | Multimodal Evaluation Pipeline Dataset
Speech Commun [13] 2020 A v X v X v
IEEE TAFEC [14] 2020 A v X X X X
Information Fusion [5] 2020 ATV X v X X v
Electronics [20] 2021 ATV v v X v v
IEEE Signal Process. Mag. [21] 2021 ATV X v X X v
Information Science [22] 2022 ATV v X X X v
Neurocomputing [23] 2022 ATV X v X X v
JACSA [24] 2022 ATV X v X X X
CMPB [25] 2022 ATV X v X X X
Information Fusion [26] 2022 ATV v v X X v
IEEE TIM [2] 2023 v v X X X v
Proc. IEEE [27] 2023 v v X v X v
IEEE TAFFC [28] 2023 T v X X X v
Speech Commun [29] 2023 A v X X X v
Neurocomputing [30] 2023 A v X X X v
Speech Commun [31] 2023 A v X X X v
ISWA [32] 2023 A v X X X v

(Continued on next page)
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(Continued from previous page)

Pub. [Ref] Year Modality | Uni-modal | Multimodal Evaluation Pipeline Dataset
IEEE Access [16] 2023 A v X X X v
Speech Commun [33] 2023 AT X v X X v
ISWA [34] 2023 ATV X v X X v
Sensors [35] 2023 ATV X Vv X X Vv
Information Fusion [17] 2023 ATV v v X X Vv
Entropy [18] 2023 ATV v v v v v
Neurocomputing [36] 2023 ATVP v Vv X X v
Information Fusion [1] 2024 \% v X X X v
Information [37] 2024 \% v X X X v
Speech Commun [38] 2024 A v X X X v
Information Fusion [9] 2024 AT, V,P X Vv X X v
IEEE Access [10] 2024 ATV X v X X v
Information Fusion [11] 2024 ATV X v X X v
Expert Syst. Appl. [12] 2024 ATV v v X X v
Artificial Intelligence Review [37] 2025 AT, V,P X v X X X
Expert Systems [39] 2025 ATV v v X X v
ACM TOMM [40] 2025 | AT, V,P X v X X v
IEEE Access [41] 2025 ATV v Vv X X v
ACM Trans. Interact. Intell. Syst. [42] 2026 P v X X X v
Information Fusion [43] 2026 S v X v v v
Stat. Optim. Inf. Comput. [44] 2026 F v X X X v
Ours | 2026 | ATV,P | v | v | v | v | v

More recent surveys have shifted their attention toward multimodal emotion recognition, exploring how heterogeneous modalities can be jointly
leveraged for richer affective understanding [3, 9, 12, 28, 45]. Despite this broader scope, these works share several critical shortcomings: most provide
only coarse-grained taxonomies of fusion strategies without systematically examining how fusion design choices relate to modality availability, missing-
modality robustness, or training objectives; evaluation practices remain fragmented across datasets, label schemes, and metrics, making reproducible
comparison difficult; and the rapid emergence of large language models and multi-modal foundation models as new paradigms for affective reasoning is
not adequately reflected. Consequently, the field still lacks a unified analytical framework spanning the full pipeline—from emotion modeling and data
preparation to learning strategies, fusion architectures, and standardized evaluation.

Data preprocessing Uni-modal learning Multi-modal learning Evaluation
S— 1
| Alignment Classiﬁcation: Regression
. Audio Encoder '
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Fig. 3. We present a standardized implementation of a comprehensive multi-modal emotion recognition framework for conversational data, encompass-
ing all critical components: data preprocessing, uni-modal learning, multi-modal learning, optimization, and metrics.

Motivated by the above analysis, this survey addresses three core gaps: (1) uni-modal surveys remain siloed within individual modalities and fail to
provide a cross-modality analytical framework that aligns emotion label spaces, data conditions, and evaluation protocols; (2) multi-modal surveys offer
only coarse-grained overviews of fusion strategies and overlook critical factors such as missing-modality robustness, training objectives, and standardized
benchmarking; and (3) the growing influence of large-scale pre-trained and multi-modal foundation models on both unimodal and multimodal emotion
recognition has not been systematically examined within a unified perspective.

To bridge these gaps, this survey jointly examines uni-modal and multi-modal paradigms under a coherent analytical framework that spans the
full learning pipeline—from emotion modeling and dataset curation to feature learning, fusion architecture design, and evaluation. Beyond modeling
and fusion strategies, our review explicitly addresses the often-overlooked roles of data preprocessing, emotion label design, and cross-dataset evaluation
protocols, thereby enabling fair comparison and reproducible analysis across studies. We further highlight emerging trends such as benchmark unification,
robust cross-domain and cross-linguistic evaluation, and the transformative impact of multi-modal foundation models on the field. Specifically, the main
contributions of this survey are summarized as follows (see Fig. 4):

e Deep Analytical Framework: We introduce a structured taxonomy (Fig. 3) that provides a consistent lens for categorizing and analyzing emotion
recognition studies across core dimensions, including data preprocessing, input representations, uni-modal learning, multi-modal fusion, and
evaluation strategies. This framework harmonizes terminology and analytical criteria across the survey.

e Systematic Synthesis of Uni-modal and Multi-modal Literature: Guided by the proposed taxonomy, we systematically organize and com-
pare existing works on deep uni-modal and multi-modal emotion recognition, as summarized in Table 1. Each component of the framework is
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Fig. 4. Taxonomy of deep learning-based uni-modal and multi-modal emotion recognition.

explicitly linked to detailed analyses of model architectures, learning objectives, and datasets in Tables 4, 5, and 5, enabling transparent cross-study
comparison.

e Insights and Future Research Directions: Based on the synthesized evidence, we distill key findings regarding emotion modeling choices,
modality integration strategies, dataset construction, and evaluation practices. These insights are used to identify open challenges and to outline
future research directions (Section 7), providing a roadmap toward more robust, generalizable, and ethically aligned emotion recognition systems.

By revisiting this field under the lens of our unified taxonomy and terminology, this survey consolidates disparate strands of emotion recognition
research and establishes a coherent conceptual foundation for future work. The remainder of this paper is organized as follows. Section 2 introduces the
theoretical foundations of emotion models and the modalities used to capture affective states. Section 3 surveys existing emotion recognition datasets,
covering their collection protocols, annotation schemes, and key characteristics. Sections 4 and 5 systematically review uni-modal and multi-modal
emotion recognition methods, respectively. Section 6 examines fairness considerations and ethical implications arising from the deployment of emotion
recognition systems. Section 7 identifies open challenges and promising directions for future research. Finally, Section 8 concludes the review with a
summary of key findings.

2 EMOTION MODELS AND MODALITIES

Understanding how emotions are modeled and expressed is essential for developing effective emotion recognition systems. Section 2.1 primarily discusses
the different emotion models used in affective computing, and Section 2.2 elaborates on the various modalities through which emotions are expressed.

2.1 Emotion Models
Emotions are complex, multi-dimensional responses triggered by internal or external stimuli and accompanied by cognitive, physiological, and behavioral
changes [143-145]. In affective computing, two dominant paradigms are used to model emotional states: categorical and dimensional models, with the

latter developed to address limitations of the former. These theoretical models not only underpin how affective data are labeled and interpreted but also
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directly influence dataset annotation protocols, model architectures, and evaluation criteria discussed later in Section 3, 4, 5, 6, 7. Understanding their
conceptual distinctions is therefore crucial for interpreting cross-dataset comparisons and methodological trends throughout this survey.

Arousal
s
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Fig.5. Comparison of Dimensional and Categorical Emotion Models: (a) Valence-Arousal (VA) model and (b) Pleasure—Arousal-Dominance (PAD) model
for dimensional emotion representation; (c) Ekman’s basic emotion categories and (d) Plutchik’s emotion wheel for categorical emotion representation.

Categorical Emotion Models: Categorical emotion models represent the foundational approach to emotion representation, operating on the assumption
that emotions can be classified into a discrete set of basic categories. Ekman’s model [46] proposed six universally recognized emotions: happiness, sadness,
anger, fear, disgust, and surprise (see Fig. 5(c)). These emotions are expressed through distinct facial muscle movements and behavior patterns and are
widely used in image- and video-based emotion recognition systems. Another influential framework is Plutchik’s wheel of emotions [47], which introduces
eight bipolar primary emotions: joy vs. sadness, trust vs. disgust, fear vs. anger, and surprise vs. anticipation (see Fig. 5(d)). These primary emotions can
be combined to generate more complex emotional states and further mapped by intensity levels.Categorical models offer significant practical advantages:
they are intuitive for human annotators, straightforward to implement in classification tasks, and provide clear interpretability for users. Consequently,
most publicly available datasets (e.g., FER, RAF-DB, CREMA-D) adopt categorical labels as their annotation scheme, facilitating model benchmarking and
cross-modal comparison. However, their discrete nature and limited emotional vocabulary make them insufficient for representing the full spectrum and
subtlety of real-world emotional experiences, particularly for capturing mixed emotions or gradual emotional transitions.

Dimensional Emotion Models: Dimensional emotion models go back to the works of Wilhelm Wundt, often referenced as “the father of psychology”.
He suggested the “tridimensional theory of emotion” as the first approach to model emotions in dimensions, lending inspiration to today’s common
approaches. It was based on the three axes pleasure-displeasure, excitement-tranquillization, and tension-relaxation. The models were developed to over-
come the resolution limitations of categorical approaches by representing affective states in a continuous multi-dimensional space. Russell’s circumplex
model [48] defines emotions along only two of Wundt’s original three axes—valence, indicating positivity or negativity, and arousal, indicating activation
level (see Fig. 5(a)). Mehrabian and Russell later introduced as Wundt a third dimension, dominance, forming the Pleasure—Arousal-Dominance (PAD)
model [49] (see Fig. 5(b)). The inclusion of dominance captures the perceived control or influence within emotional states, offering finer granularity than
the basic valence-arousal framework. These continuous representations effectively model dynamic affective changes and are well-suited for regression-
based learning, though they are often less intuitive and interpretable than discrete emotion categories.From a data perspective, many physiological and
audio datasets (e.g., AMIGOS, DEAP, MSP-Podcast) adopt dimensional labels to describe fine-grained emotional variation over time, complementing
categorical datasets introduced in Section 3. The coexistence of categorical and dimensional annotations thus shapes dataset design, learning objectives,
and evaluation metrics across modalities, forming the conceptual foundation for consistent comparison of affective recognition systems throughout this
survey.

2.2  Emotion Modalities

Human emotions manifest through behavior and physiological signals, both essential for emotion recognition [11, 146]. These modalities provide the
empirical basis for datasets and models discussed later, linking theoretical emotion frameworks with measurable signals.

Behavior Modalities: Behavior cues, including facial expressions, speech, gestures, and text, serve as indicators of internal states [9, 17]. Facial expres-
sions convey emotions but suffer from cultural bias and environmental interference [147, 148]. Speech encodes affect via prosody, further acoustics,
and content, though speakers’ further states and traits and noise complicate interpretation [13]. Text offers robustness and ease of processing but lacks
paralinguistic richness [28, 149]. These modalities are popular due to accessibility and relevance in social interaction [30, 150]. Accordingly, many bench-
mark datasets employ behavior modalities under both categorical (e.g., discrete emotion labels) and dimensional (e.g., valence—arousal ratings) schemes,
enabling comparative evaluation across representational models.

Physiological Modalities: Physiological signals provide objective markers of emotion, less prone to conscious regulation [151, 152]: EEG captures brain
activity [153], ECG reflects heart rate variability [154], EMG tracks subtle muscular responses [155], and GSR detects skin conductivity changes [156].
Despite their precision, their reliance on sensors and complex processing limits broad deployment. Notably, physiological datasets frequently use dimen-
sional models to encode continuous affective variation, complementing the discrete behavior datasets described later in Section 3.

Comparison of Modalities: Behavior signals are non-invasive, scalable, and socially meaningful but subject to ambiguity. Physiological signals provide
objective, temporally precise, and physiologically grounded indicators of affective states. However, their reliance on contact-based sensors may reduce
comfort and scalability while raising privacy concerns compared to behavior modalities. In practice, behavior cues, particularly audio, text, and video,
are the dominant choices as they balance feasibility with expressiveness. This contrast in modality characteristics mirrors the categorical-dimensional
divide: behavior modalities align naturally with discrete emotional expressions, whereas physiological modalities often capture continuous affective states,
providing complementary perspectives for multi-modal emotion recognition.
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Overall, emotion models and modalities jointly define the conceptual and empirical foundations of affective computing. Categorical and dimensional
models offer complementary views of how emotions can be represented, while behavioral and physiological modalities provide the measurable signals
through which emotions manifest. Their interplay determines how datasets are annotated, how models are designed, and how recognition performance
is evaluated. Together, these frameworks establish a coherent bridge between psychological theory and computational implementation, setting the stage
for the unimodal and multimodal emotion recognition methods discussed in subsequent sections.

Table 2. Summary of popular uni-modal and multi-modal emotion recognition datasets. Modality: A = Audio, T = Text, V = Visual.

Type Dataset 1;’[:/(‘1;!11‘;}’ Emotion Labels Samples
Uni-modal Emotion Recognition Datasets
CK+ [53] \% Anger, disgust, fear, happiness, sadness, surprise, neutral, contempt 593 videos
JAFFE [157] \Y% Anger, disgust, fear, happiness, sadness, surprise, neutral 231 images
Oulu-CASIA [158] \Y% Anger, disgust, fear, happiness, sadness, surprise 2,880 videos
SFEW 2.0 [159] \% Anger, disgust, fear, happiness, sadness, surprise, neutral 1,766 images
Face RAF-DB [160] \Y% Anger, disgust, fear, happiness, sadness, surprise, neutral 29,672 images
FER+ [161] \% Anger, disgust, fear, happiness, sadness, surprise, neutral, contempt 35,887 images
AffectNet [54] \Y% Neutral, happy, sad, surprise, fear, disgust, anger, contempt 1,000,000 images
EmoReact [162] v E:)llrliosity, uncertainty, excitement, happiness, surprise, disgust, fear, frustra- 1,102 videos
TESS [55] A Anger, disgust, fear, happiness, pleasant surprise, sadness, neutral 2,800 utterances
Speech EmoDB 2.0 [56] A Anger, boredom, disgust, fear, happiness, neutral, sadness 817 utterances
MSP-Podcast [163] A Anger, contempt, disgust, fear, happiness, neutral, sadness, surprise 264,705 turns
ISEAR [57] T Joy, fear, anger, sadness, disgust, shame, guilt 7,666 sentences
EMOBANK [58] T Joy, anger, sad, fear, disgust, surprise 10,548 sentences
Text Anger, anticipation, disgust, fear, joy, love, optimism, pessimism, sadness, sur-
SemEval-2018 [164] T . 22,000 sentences
prise, trust, neutral
Multi-modal Emotion Recognition Datasets
eNTERFACE’05 [61] AV Anger, disgust, fear, happiness, sadness, surprise 1,166 videos
RAVDESS [59] AV Calm, happy, sad, angry, fearful, surprise, disgust 7,356 videos
Acted CREMA-D [165] AV Anger, disgust, fear, happiness, neutral, sadness 7,442 videos
SAVEE [60] AV Anger, disgust, fear, happiness, sadness, surprise, neutral 480 videos
AFEW [159] AV Anger, disgust, fear, happiness, neutral, sadness, surprise 1,426 videos
DFEW [166] AV Anger, disgust, fear, happiness, neutral, sadness, surprise 16,372 videos
FERV39k [167] \Y% Anger, disgust, fear, happiness, neutral, sadness, surprise 38,935 videos
MAFW [168] AV, T 11 single emotions and 32 compound emotions 10,045 videos
Natural CHEAVD [169] AV Anger, happiness, sadness, worried, anxious, surprise, disgust, neutral 140 minutes video
Aff-Wild2 [64] \% Valence, arousal 558 videos
SEWA [50] AV Valence, arousal 2,000 minutes video
AMIGOS [170] AV Valence, arousal, dominance 40 videos
CMU-MOSI [171] AV, T Continuous intensity score 3,702 videos
CMU-MOSEI [137] AV, T Happiness, sadness, anger, disgust, surprise, fear 223,500 videos
MELD [63] A,V, T | Anger, disgust, fear, joy, neutral, sadness, surprise 1,433 videos
Induced CH-SIMS [172] AV, T Negative, weakly negative, neutral, weakly positive, positive 2,281 videos
IEMOCAP [62] AV, T Happiness, anger, sadness, frustration, neutral; valence, arousal, dominance 12.46 hour video
RAMAS [173] AV Anger, sadness, disgust, happiness, fear, surprise 7 hour video

3 EMOTION DATASETS

High-quality datasets are crucial for training effective automatic emotion recognition systems. The choice of data directly affects model performance, as
poorly curated datasets may introduce noise and bias, while well-constructed datasets with consistent annotation enable robust, context-aware learning
across modalities such as visual, audio, and text.

Single-modal datasets support specialized models by focusing on one modality. Facial datasets such as CK+ [53], and AffectNet [54] target expressions
in images or video. Speech datasets like TESS [55], EmoDB [56], and MSP-Podcast [163] capture vocal affect, while text resources such as ISEAR [57],
EmoBank [58], and SemEval-2018 Task 1 [164] provide labeled corpora for language-based recognition (Table 2).

Multi-modal datasets integrate two or more modalities and are typically categorized as acted, induced, or natural [9, 174, 175] (Table 2). Acted datasets
(e.g., EmoDB [56], RAVDESS [59], SAVEE [176]) provide controlled, clean recordings but often exaggerate emotions. Induced datasets (e.g., IEMOCAP [62],
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MELD [63], RECOLA [177]) elicit more authentic reactions through stimuli or tasks, capturing richer conversational dynamics. Natural(istic) datasets
(e.g., Aff-Wild2 [64], CHEAVD [169], SEWA DB [50], AMIGOS [170]) collect spontaneous expressions in real-world settings, offering ecological validity
but facing challenges in annotation, noise, and privacy.

Furthermore, as summarized in Table 2, a critical gap exists in the demographic representativeness of datasets. Early benchmarks like IEMOCAP and
CK+ are notably homogeneous, whereas newer corpora like SEWA and MSP-Podcast begin to address cultural and age diversity, aligning with the growing

demand for fair and inclusive affective computing (see Section 6).

Table 3. A Summary of Representative Datasets with Demographic Diversity Analysis.

Category Dataset Demographic Diversity & Insights Diversity Level
CK+ [53] Lab-controlled; predominantly young Caucasian participants Limited
Face AffectNet [54] Large-scale web data; global but lacks explicit balancing Moderate
FER+ [161] Primarily internet images; exhibits Western-centric bias Moderate
Aff-Wild2 [64] High diversity in race and age; captured in-the-wild High
FACS [178] High diversity in race and age High
Speech RAVDESS [59] Professional North American actors; limited racial variation Limited
MSP-Podcast [163] Naturalistic speech with diverse accents and age groups High
CREMA-D [165] Balanced ethnic representation across 48 actors High
Text Empathetic [179] Crowdsourced dialogues; reflects native English norms Limited
GoEmotions [42] Reddit-based; linguistically diverse but culturally Western Moderate
IEMOCAP [62] Very limited; only 10 actors from a similar demographic Limited
Multimodal SEWA [50] Cross-cultural; covers 6 nationalities and languages High
CMU-MOSEI [137] High speaker diversity with 1000+ unique identities High

“High: Datasets with explicit cross-cultural, multi-ethnic, or global coverage. Moderate: Datasets with large-scale or diverse samples but lacking demographic balancing or regional focus.

Limited: Homogeneous datasets with participants from a single ethnic group, small group of actors, or restricted age range.

4 UNI-MODAL EMOTION RECOGNITION

This section surveys the development of emotion recognition across three major unimodal modalities, namely face, speech, and text, with a focus on the
progressive shift from traditional hand-crafted feature engineering toward deep learning-based representation learning.

4.1 Facial Emotion Recognition

Facial emotion recognition (FER) has undergone a substantial methodological evolution, yet this progression is best understood not as a linear march of
accuracy improvements, but as a recurring tension between representational richness and real-world robustness. Early methods relied on hand-crafted
descriptors such as LBP, HOG, Gabor filters, and facial landmarks [69, 180, 181], which encoded appearance through fixed mathematical priors reflecting
domain expertise about how emotional deformations manifest in local texture or geometry. The shift to CNN-based end-to-end learning [70, 182, 183]
was therefore not merely a change in tooling but an epistemological one, marking a transition from theory-driven feature design to data-driven feature
discovery. Notably, subsequent attention-enhanced architectures such as OAENet [184] and MA-Net [185], which reintroduce spatial selectivity over
learned feature maps, can be interpreted as a partial rehabilitation of the locality priors that hand-crafted methods had always encoded, now learned
rather than prescribed. GCN-based approaches [71, 186] similarly recover structural priors by explicitly modeling geometric relationships among facial
landmarks. The trajectory from hand-crafted to deep features is thus less a clean break and more a dialectical refinement, each generation recovering in
data-driven form what the previous one had abandoned.

A persistent and underappreciated limitation of static FER models is that they treat each frame as an independent observation, implicitly assuming
that a single image encodes sufficient information to determine emotional state. This conflicts with psychophysical evidence that observers rely heavily
on the temporal dynamics of facial muscle movement, specifically the onset, apex, and offset phases of an expression, to distinguish a genuine smile from
a posed one, for example. The integration of sequential architectures [187, 188] and hybrid CNN-RNN pipelines such as SAANet [189] and MGLN [190]
addressed this limitation, but their cascaded design decouples spatial and temporal learning, creating an information bottleneck between stages. Each
generation of FER models has essentially inherited the inductive biases of the previous generation while patching its specific failure mode: unified
spatio-temporal models such as DPCNet [72] and STACM [73] represent a more principled response by jointly modeling spatial, temporal, and channel
dependencies through attention. More recently, Transformer-based approaches [74, 191] offer global temporal reasoning without the locality constraints of
CNNs, though they typically initialize from ImageNet-pretrained weights, importing object-recognition biases into an affective domain, a representational
mismatch that is rarely acknowledged but likely accounts for inconsistent gains across benchmarks.

Beyond architecture, FER has exhibited a clear paradigm shift in learning supervision, from fully supervised training toward weakly supervised,
unsupervised, and self-supervised paradigms [75-79, 192-194]. This shift reflects a structural constraint that architectural innovation alone cannot resolve:
emotion annotation is expensive, subjective, and culturally variable, and models trained on densely labeled laboratory datasets exhibit severe domain shift
in the wild because the annotation protocol itself differs systematically across corpora. Self-supervised methods sidestep this by decoupling representation
learning from label acquisition, deferring label assignment to a lightweight fine-tuning stage. The key implication is that the primary bottleneck in FER
is not model capacity but annotation consistency; advances in label-efficient learning may therefore prove more impactful than continued architectural
scaling.
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Table 4. Unified comparison of facial, speech, and text emotion recognition models across architectures, loss designs, and reported performance.

Modality | Model Input Format Framework Loss Function Performance (Dataset)
C3D Video 3D Conv Softmax Acc: 59.02% (AFEW) [195]
13D Video Inflated 3D Softmax Acc: 68.90% (GreSti) [196]
. CCC Arousal: 65.6%
SCE+TH-CNN Video SCE Cross-Entropy (SEWA) [197]

Vision SlowFast Video Dual CNN Softmax WAR: 49.34% (FERV39K) [198]
ViT-B/16/SAM Video Transformer Cross-Entropy Acc: 52.42% (FER-2013) [199]
SL+SSL (B2) Video EfficientNet CE+SL Acc: 61.32% (AffectNet) [200]
DTL-I-ResNet18 Video 3D ResNet Softmax Acc: 83.0% (FER2013) [201]
ESTLNet Video CNN-LSTM Cross-Entropy Acc: 53.79% (AFEW) [72]

D2SP Video Dual Purification Cross-Entropy WAR: 50.5% (FERV39k) [202]
. WAR: 74.43% (DFEW), 52.07%
MAE-DFER Video Transformer Cross-Entropy (FERV39K) [75]
. WAR: 74.27% (DFEW), 52.29%
SVFAP Video Transformer Cross-Entropy (FERV39K) [78]
Log Mel Spec. MFCCs 2D CNN Cross-Entropy Acc: 68% (RAVDESS) [203]
HuBERT Raw audio CNN+Transf. Contrastive WA: 79.58% (IEMOCAP) [204]
Mockingjay Raw audio NPC L1/MSE Acc: 50.28% (IEMOCAP) [205]
DeCoAR Mel FBANK SVM L1/MSE UAR: 71.93% (IEMOCAP) [206]
. . Macro-F1: 30.4% (IEMO-
NPC Mel FBANK Siamese CNN Generative CAP) [207]
. Macro-F1: 31.6% (IEMO-
APC Mel spectrogram | RNN Generative CAP) [207]
. Macro-F1: 31.2% (IEMO-
VQ-APC Mel spectrogram | VQ+RNN Generative CAP) [207]

Audio Wav2vec Raw audio 1D CNN Contrastive WA: 77.00% (IEMOCAP) [204]

. . Macro-F1: 28.5% (IEMO-
CPC Raw audio CNN+Transf. Discriminative CAP) [207]

. e Macro-F1: 33.9% (IEMO-
Data2Vec Raw audio CNN+Transf. Discriminative CAP) [207]

. . . Tl Utterance & Frame-

emotion2vec Raw audio Online Distillation level WA: 85.0% (RAVDESS) [87]

. e Macro-F1: 33.6% (IEMO-
WavLM Raw audio CNN+Transf. Discriminative CAP) [207]
Audio-Transf. Spectrogram Transformer Cross-Entropy Acc: 75.42% (EMO-DB) [208]
Vesper Raw audio CNN-+Transf. MSE WA: 54.2% (IEMOCAP) [88]
SL-GEmo-CLAP WavLM-large CNN+Transf. KL loss WAR: 81.43% (IEMOCAP) [209]
DTNet Raw audio CNN+Transf. Cross-Entropy UA: 74.8% (IEMOCAP) [210]
Word2Vec Text tokens CBOW Hierarchical Softmax | Macro-F1: 73.21% (Tweets) [211]
GloVe Text tokens Co-occurrence matrix Weighted Least Acc: 95.09% (Twitter) [212]

Squares
ELMo Context. vectors | BiLSTM Cross-Entropy Acc: 88.91% (Wikipedia) [213]
Text i ip-
Emoji2Vec Ef;llfj i descrip GloVe Cosine Similarity Acc: 54.5% (Google News) [214]
. . Macro-F1: 84.98% (HL,

SSWE Word-sentiment | FFNN Hinge Loss MPQA) [211]
BERT Text token Transformer MLM + NSP Acc: 70.09% (ISEAR) [215]
RoBERTa Text token Transformer Cross-Entropy Acc: 74.31% (ISEAR) [215]
XLNet Permuted tokens | Transformer Permuted LM Loss Acc: 72.99% (ISEAR) [215]
ALBERT Text token Transformer Focal and KL loss Acc: 73.86% (ISEAR) [215]
DeBERTa-v3 Text token Transformer Cross-Entropy F1: 66.2% (WRIME) [216]
ChatGPT-40 Text token Transformer N/A (Prompt-based) F1: 52.7% (WRIME) [217]

(Continued on next page)
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(Continued from previous page)

Modality | Model Input Format Framework Loss Function Performance (Dataset)
DistilBERT Text token Transformer MLM + Distillation Acc: 66.93% (ISEAR) [215]
COMET E?;;:mnsense Transformer Cross-Entropy W-Avg F1: 65.21% (MELD) [218]

4.2 Speech Emotion Recognition

Speech emotion recognition (SER) shares the broad arc of FER but the acoustic modality poses unique challenges that have driven distinct adaptations.
Early SER relied on manually engineered prosodic, spectral, and voice quality features [80, 219], standardized through toolkits such as openEAR [220]
and openSMILE [81] and combined with classical classifiers including HMMs, GMMs, SVMs, and Random Forests [221, 222].

A critical and often overlooked observation is that many of these features were originally designed for speech intelligibility and automatic speech
recognition—and were partially repurposed for emotion; their coverage of affectively relevant acoustic phenomena such as creaky voice, breathiness,
and micro-prosodic perturbations is therefore often incomplete by design. End-to-end learning from raw waveforms [82] demonstrated that data-driven
features could capture affective cues invisible to pre-specified filter banks, and spectrogram-based CNN and LSTM models [223-225] became dominant
supervised baselines. Yet this progress exposed what might be termed a feature design paradox: hand-crafted features encode the wrong priors for emotion,
but learned features require large quantities of emotion-labeled data that SER datasets, which typically comprise only a few hours of acted speech, simply
cannot provide, thereby constraining generalization in cross-corpus and low-resource settings [13].

Recent SER research has seen Transformer-based architectures [83, 226—228] improve contextual modeling of speech emotion, while parameter-efficient
fine-tuning strategies [229] and compact pretrained models [88] target deployment under resource constraints. More substantively, contrastive and
adversarial frameworks such as STAA-Net [230] and GEmo-CLAP [209] begin to address demographic bias, which remains a serious concern when SER
systems behave inequitably across speakers of different genders, ages, or dialects. The community currently lacks standardized evaluation protocols
for demographic fairness in SER, and this gap between laboratory benchmarks and real-world deployment requirements remains an under-addressed
structural challenge.

Building on supervised learning, self-supervised learning (SSL) resolves the feature design paradox structurally rather than incrementally. By pre-
training on thousands of hours of unlabeled speech, models such as wav2vec [84], HuBERT [85], WavLM [86], and data2vec [231] learn representations
that remain robust across different speakers and recording conditions, because the pre-training distribution is far broader than any emotion corpus. The
consistent cross-corpus gains documented by Wagner et al. [232] and Naini et al. [233] are a direct consequence of this property: SSL models are less
prone to learning spurious patterns tied to specific datasets, such as confounding recording loudness with anger, than models trained exclusively on small,
biased emotion datasets. Critically, emotion-aware variants such as emotion2vec [87] demonstrate that injecting affective objectives during pretraining,
not only during fine-tuning, produces representations that are simultaneously transferable and emotion-discriminative. This finding implies that the
optimal inductive bias for SER lies somewhere between generic acoustic pretraining and fully supervised emotion training, a middle ground that the field
is only beginning to explore systematically.

4.3 Text Emotion Recognition

Textual emotion recognition (TER) has progressed from lexicon-based methods to large-scale pretrained language models, but this trajectory conceals
a recurring tension between representational expressiveness and the availability of labeled data. Early approaches combined affective lexicons such as
VADER [89] and the NRC Emotion Lexicon [90] with classical classifiers and surface-level features including n-grams [234], POS tags [235], and syntactic
patterns [236]. These methods were interpretable and computationally efficient, but they systematically failed on conversational and social media text
because phenomena such as irony and sarcasm can reverse the apparent meaning of individual words in ways that fixed lexical mappings cannot capture.
Static embeddings [91, 92, 237] and emotion-aware variants such as Emo2Vec [238] and DeepMoji [94] reduced lexical sparsity, and CNN- and LSTM-based
models [239-241] provided stronger sequence-level representations. Yet these supervised architectures remained heavily dependent on large annotated
corpora that are expensive and subjective to construct, exposing a structural mismatch between model capacity and data availability that lexical and
neural methods alike failed to resolve.

Transformer-based pretraining fundamentally changed this dynamic by decoupling representation learning from emotion-labeled data. Contextual-
ized models such as ELMo [93] and BERT [95], and their emotion-specific fine-tuned variants including EmoDet2 [242], EmotionX-IDEA [243], and
RoBERTa-based classifiers [244], consistently outperformed prior architectures by capturing word sense ambiguity and long-range contextual dependen-
cies. Subsequent work incorporated commonsense knowledge, sarcasm-aware attention, and parameter-efficient fine-tuning to improve robustness in
cross-domain settings [28]. However, a critical observation is that these gains are largely attributable to better general language understanding rather
than to any deeper modeling of emotion itself, meaning that pretrained models inherit the biases of their pretraining corpora, which are rarely balanced
for affective content or demographic diversity.

More recently, large language models (LLMs) have emerged as a paradigm-shifting force in TER, fundamentally extending the field beyond conventional
supervised learning frameworks. By leveraging large-scale pretraining and instruction-based inference, LLMs exhibit strong zero-shot and few-shot
emotion recognition capabilities, substantially reducing reliance on task-specific labeled datasets and enabling emotion understanding to be framed as
a general language reasoning problem. Representative studies have shown that generalized large models possess emergent emotion reasoning abilities
across domains, languages, and emotion taxonomies, marking a departure from narrowly trained classifiers [245]. Building upon this foundation, emotion-
aware and context-enhanced LLMs, such as DialogueLLM, explicitly integrate conversational context and emotion knowledge to model emotion dynamics
in multi-turn dialogues [96], while data-centric approaches like AUGESC employ LLMs to augment emotionally rich conversational data, alleviating data
scarcity in emotional support scenarios [246]. Beyond text-only settings, recent advances demonstrate that LLMs can be extended toward generalized and
multi-modal emotion recognition, incorporating vocal nuances or visual signals to infer affective states without task-specific training [247, 248]. Despite
their strong generalization and reasoning capabilities, practical deployment challenges remain due to computational cost and latency, motivating ongoing
research into lightweight variants and parameter-efficient adaptation strategies for real-time and resource-constrained emotion-aware applications.
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4.4  Summary of Uni-modal Emotion Recognition

Reviewing FER, SER, and TER together reveals cross-cutting patterns that transcend any individual modality. Most fundamentally, all three fields have
converged on the same structural response to the annotation bottleneck, namely decoupling representation learning from label acquisition through self-
supervised or weakly supervised pretraining, a convergence that suggests unified cross-modal pretraining frameworks could address shared annotation
scarcity more effectively than modality-specific solutions developed in isolation. Beyond this commonality, each modality exhibits characteristic failure
conditions, with FER degrading under occlusion and pose variation, SER under speaker variability and recording noise, and TER under sarcasm and implicit
affect, and these failure conditions are largely independent of one another. The benefit of multi-modal fusion is therefore largest precisely in the hard cases
where any single modality fails, a benefit that single-modality benchmarks systematically underestimate by design. Finally, across all three modalities,
the gap between benchmark accuracy and performance in naturalistic settings has not narrowed commensurate with architectural advances, pointing
to distribution shift and annotation inconsistency as the primary impediments to real-world deployment rather than insufficient model capacity. These
shared limitations motivate the multi-modal fusion approaches examined in the following section, which seek to exploit cross-modal complementarity
to achieve robustness that no single stream of evidence can provide alone.

5 MULTI-MODAL EMOTION RECOGNITION

Human emotions are inherently expressed in a multi-modal manner, and effectively integrating heterogeneous cues from multiple modalities is crucial
for robust emotion recognition in conversations [249]. Accordingly, this section reorganizes multi-modal emotion recognition methods along three key
aspects: fusion strategy, fusion granularity, and model architecture.

5.1 Fusion Strategy

Multi-modal emotion recognition requires integrating signals from heterogeneous sources, and the choice of fusion strategy fundamentally determines
what kind of cross-modal reasoning is possible. Conventional fusion approaches fall into four broad categories: feature-level, decision-level, model-level, and
hybrid fusion [3, 250]. Rather than being interchangeable design choices, these strategies embody different assumptions about when and how modalities
should interact, and their relative strengths reveal a consistent trade-off between cross-modal expressiveness and robustness to noisy or missing inputs.
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Fig. 6. (a) Early fusion, (b) late fusion, and (c) hybrid fusion methods for fusion strategy in multi-modal emotion recognition.

Feature-level fusion integrates multi-modal representations early in the pipeline (see Fig. 6(a)), enabling joint learning of low-level cross-modal corre-
lations through mechanisms such as contrastive alignment [97], attention-based selection [98], and cross-attention in Transformer frameworks [99, 251].
The underlying assumption is that emotional semantics emerge from the co-occurrence of fine-grained cues across modalities, a reasonable prior for
well-aligned, laboratory-quality recordings. However, this assumption breaks down under temporal asynchrony or noisy inputs, precisely the conditions
that characterize real-world deployment, because early fusion leaves the model no mechanism to discount an unreliable modality once their represen-
tations have been entangled. Decision-level fusion decouples feature learning entirely (see Fig. 6(b)), aggregating modality-specific predictions through
confidence-aware weighting [100] or graph-based consistency modeling [101]. This modularity provides natural robustness to missing or corrupted
modalities, but it sacrifices the deep cross-modal interaction that distinguishes genuinely multi-modal reasoning from a simple ensemble of independent
classifiers.

Model-level fusion occupies a principled middle ground, where modality-specific encoders are retained but cross-modal interactions are introduced
at intermediate semantic layers through shared memory [102], low-rank tensor decomposition [103], or disentangled modality-invariant and modality-
specific representations [104, 252, 253]. By deferring fusion to a stage where modalities have already been partially abstracted, model-level approaches
reduce sensitivity to low-level temporal misalignment while preserving richer inter-modal dependencies than decision-level fusion permits. Hybrid
fusion extends this logic further by introducing cross-modal interactions at multiple stages simultaneously (see Fig. 6(c)), ranging from directional cross-
attention [105] and gated injection of acoustic and visual signals into pretrained language models [254], to lightweight adapter-based integration [106],
progressively exchanging information across modalities rather than committing to a single fusion point. The insight that emerges across all four strategies
is that no single fusion design is universally optimal: the best choice depends on whether the priority is expressive cross-modal interaction, robustness to
real-world noise, or computational efficiency, and the field is only beginning to develop principled criteria for making this choice in a given deployment
context.
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Table 5. Comprehensive summary of recent fusion strategy and fusion granularity methods for multi-modal emotion recognition (MER), covering fusion

types, techniques, advantages, and disadvantages.

Fusion Method

Specific Techniques

Advantages

Disadvantages

Fusion Strategy

Early Fusion

Concatenation [255]
Contrastive Learning [256]
Transf.-based [126]
Attention-based [112]

« Simple, efficient
« Early interaction captured
« Improves modality alignment

+ Reduces redundancy

« Can lose modality-specific details

» Temporal misalignment is difficult to
handle

» May suffer from information overload

Late Fusion

Decision Voting [257]
Weighted Average [258]
Ensemble [102]

« Preserves intra-modal information
« Ideal for real-time applications
« Easy to implement

« Increases model robustness

» Computationally expensive
« Requires multiple classifiers

« Long inference time due to multiple
stages

Multi-stage [259]
Early-Late [105]

« Captures intra- and inter-modal
dependencies

« Computationally heavy

« Hard to balance modality contributions

Hybrid Fusion + Robust to noisy conditions . .
Intermediate [260] - Flexible for real-world applications » Complex integration process
Fusion Granularity
- .P dality- ifi . . .
Coarse-grained reserves modaltty-spectiic « Alignment remains coarse and implicit
features
utterance-level [107] le and offi level « Limited fine-grained cross-modal
+ Si ient utt - . .
Modality Structure-aware [118] aligrl:ri:nin ciicient utteratice-leve interaction
Alignment Semantic alignment [261] Does not require fine-grained « Sensitive to temporal and semantic
Distribution-aware [110] correspondence supervision misalignment
: Slmp.le fusion W1thout explicit « Prone to text-centric dominance
. . modality balancing
Coarse-grained fusion [262] ] o « Suppresses weaker audio and visual
. . « Allows dominant modalities to
Modality Memory-based fusion [102] : ’ cues
. exploit strong semantic cues
Dominance Adaptive mechanism [263] E o ih dard « Degrades robustness when dominant
* Basy to optimize with standar modality is noisy or biased
classifiers
« Encourages synergistic use of « Depends on accurate attention or
. . . heterogeneous modality cues interaction design
Attention-driven fusion [112] Hi hﬁ Nt q }é . S ible ¢ & ' lification £
. - Highlights non-redundan « Susceptible to noise amplification from
Modality Model-level fusion [113] emo%iongal evidence unreliagle modalities '
Complementarity | Semantics enhancement [264]
« Preserves fine-grained affective « Increased modeling complexity and
signals across modalities computational cost
Maintains performance under « Relies on accurate reconstruction or
. . o P o conditioning signals
Reconstruction fusion [114] missing or incomplete modalities
. « Error accumulation may occur in severe
Modality Prompt learning [265] « Enables graceful degradation . . y
missing-modality scenarios
Robustness

Diffusion-based [115]

« Explicitly models modality
availability or recovery

« Increased training and inference
complexity

5.2 Fusion Granularity

Fusion granularity determines the resolution at which modalities interact, and its design is governed by four intertwined challenges: modality alignment,
modality dominance, modality complementarity, and modality robustness (see Fig. 7). These are not independent engineering problems but facets of a single
underlying tension, namely that finer granularity enables richer cross-modal interaction but amplifies sensitivity to noise, misalignment, and missing
data, while coarser granularity sacrifices expressiveness for stability. The evolution of fusion granularity in MER reflects a gradual shift from assumption-
driven global pooling toward implicitly learned, structure-aware, and uncertainty-aware interaction mechanisms, driven by the progressive recognition
that each of these four challenges demands fine-grained, principled treatment rather than heuristic patching [4, 12, 36, 139, 266-271].

5.2.1 Modality Alignment. Modality alignment refers to establishing meaningful correspondences between sub-components of different modalities so
that cross-modal representations convey compatible semantics at appropriate temporal and structural scales [272, 273]. In emotion recognition, this is
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Fig. 7. (a) Modality alignment, (b) modality dominance, (c) modality complementarity, and (d) modality robustness as four core challenges of fusion
granularity in multi-modal emotion recognition.

particularly difficult because affective cues are heterogeneous and weakly synchronized: acoustic prosody evolves continuously, lexical tokens discretize
semantic meaning, and facial expressions may precede or lag spoken language. Although explicit alignment, which directly maps speech frames to
transcript tokens or facial segments to linguistic units, offers precision, it requires fine-grained correspondence annotations that emotion datasets rarely
provide, and affective expressions are often diffuse and context-dependent rather than localized to precise tokens or frames. As a result, most MER systems
adopt implicit alignment, where cross-modal synchronization emerges as a latent process guided by downstream emotion prediction rather than by direct
supervision [272]. The critical insight here is that this pragmatic choice carries a hidden cost: models that never receive explicit alignment supervision
may learn spurious cross-modal associations that happen to correlate with emotion labels in controlled datasets but fail to generalize when modalities
are asynchronous or one is degraded.

The evolution of implicit alignment in MER reflects a gradual shift from coarse global assumptions toward finer-grained, structure-aware mechanisms.
Early utterance-level fusion [274-276] assumed modalities were roughly synchronized, an assumption that is computationally convenient but fragile in
practice. Subsequent models introduced learnable cross-modal interactions to allow alignment to emerge from the data: TEN [107] captures correlated
affective cues through multiplicative cross-modal interactions, RMFN [277] coordinates modalities over time via recurrent memory, and MulT [108]
establishes cross-modal attention as a flexible template for aligning unaligned sequences. As emotion recognition moved into conversational settings,
alignment requirements became more demanding, requiring consistency not only within utterances but across dialogue turns as emotional states evolve
with speaker interaction. Structure-aware models such as MMGCN [118] and M?FNet [126] address this by modeling inter-utterance dependencies
explicitly, while more recent approaches such as DialogueMMT [110] and Ugncl fusion [278] further separate modality representations into shared and
private components to control domain-specific drift during alignment. Taken together, these developments suggest that robust alignment in real-world
emotion recognition cannot be treated as a preprocessing step or a byproduct of fusion, but must be treated as a first-class modeling objective in its own
right.

5.2.2  Modality Dominance. Modality dominance refers to the tendency for one modality, most commonly text, to disproportionately influence the fused
representation due to its richer semantic content, higher feature dimensionality, or stronger supervisory signals. In practice, this imbalance causes models
to exploit shortcut linguistic cues while suppressing contributions from audio and visual modalities, ultimately degrading generalization when textual
input is noisy, biased, or unavailable [3, 18]. The deeper issue is that modality dominance is not a transient training artifact that can be corrected through
better optimization, but a structural consequence of fusion design itself: systems that concatenate independently encoded modality representations [102,
262, 279] implicitly permit classifiers to ignore weaker acoustic and visual streams whenever the textual signal is sufficiently discriminative for the
training labels. This means that a model can achieve strong benchmark performance while remaining functionally unimodal, a failure mode that standard
evaluation protocols based on balanced, clean, laboratory-collected datasets are poorly equipped to detect. Dominance that emerges at early fusion stages
propagates through subsequent layers and becomes increasingly difficult to reverse, making it a problem that must be addressed by design rather than
corrected after the fact [272].

The field has responded with progressively more principled strategies, and tracing their evolution reveals an important shift in how the problem is
conceptualized. Early approaches treated dominance as a representation problem and addressed it through factorization and disentanglement [104, 280?
-282], decomposing each modality into shared and private subspaces to prevent any single modality from saturating the joint representation. A comple-
mentary direction used pretrained language models as controlled fusion backbones, where acoustic and visual signals modulate textual representations
through constrained gating rather than unconstrained feature injection, as in MAG-style adaptation [111], limiting the degree to which text can monop-
olize the fused output. Context-aware mechanisms further extended this logic to conversational settings, where dominance patterns shift dynamically
across dialogue turns: TELME [263] uses a teacher-student framework to penalize text-only shortcuts, CSS [283] adaptively re-weights modality con-
tributions at each turn, and AcFormer [284] demonstrates that dominance control must be explicitly maintained under efficiency constraints or models
revert to text-centric behavior. More recent work reframes dominance as an inference problem rather than a representation problem: evidence-centric
frameworks such as ECERC [285] and ESED [286] restructure the decision process around multi-modal evidence graphs and uncertainty-aware reason-
ing, so that the model must actively justify its predictions using all available modalities rather than defaulting to the most convenient one. Similarly,
AmBER? [287] further models modality disagreement by incorporating rater-variability into training objective and adaptively penalising conflicting
modalities. Causal approaches such as CIDer [288] and reliability-aware models such as TiCAL [289] further disentangle genuine affective factors from
spurious modality-specific correlations, dynamically down-weighting dominant but unreliable signals at inference time. The central insight that emerges
from this progression is that solving modality dominance requires intervening at the level of how models reason about evidence, not merely at the level
of how features are combined, and that evaluation protocols must be redesigned to reward genuinely multimodal reasoning rather than text-centric
benchmark performance.
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5.2.3  Modality Complementarity. Modality complementarity in MER concerns whether fusion can convert heterogeneous emotional evidence from text,
audio, and vision into a genuinely synergistic representation, rather than a redundant aggregation that merely repeats the dominant modality’s signal. The
distinction matters because a model that appears to perform multi-modal fusion may in practice be learning to replicate what text alone already provides,
with audio and visual streams contributing little beyond noise. A key insight is that complementarity is not an inherent property of the modalities
themselves but an emergent property of how fusion is designed: coarse utterance-level pooling tends to dilute modality-specific cues such as prosodic
contours or micro-expressions, whereas fine-grained token-frame-region interaction preserves precisely the non-overlapping affective evidence that
makes multi-modal reasoning more powerful than any single modality alone. This means that improving complementarity is fundamentally a question
of fusion granularity rather than simply adding more modalities.

Early work operationalized complementarity by designing fusion modules that explicitly separate shared from modality-specific information and
selectively emphasize the most informative cues. Liu et al. [290] explicitly model both complementary information and modality importance to avoid
treating modalities as interchangeable signals, while attention-driven fusion demonstrates that complementarity emerges most reliably when interaction
is selective rather than uniform, since attention can highlight cross-modal segments that provide non-overlapping affective evidence [112]. The subsequent
shift toward hierarchical and local-global interaction reflected a deeper understanding of why single-stage fusion is insufficient: emotional evidence is
distributed across both modalities and conversational turns, so capturing complementarity requires multi-scale interaction that couples local emotional
cues with broader dialogue context. Hierarchical cross-modal spatial fusion [113] organizes interaction across spatial and temporal resolutions so that
subtle local cues are not overwritten by global pooling, while HiMul-LGG [291] propagates complementary cues between utterance-level dynamics
and dialogue-level structure through local-global graph modeling. More recent work makes complementarity increasingly structured and transferable:
dynamic graph neural ODE modeling [292] treats cross-modal interaction as a continuous-time dependency evolution process, preserving complementary
cues that appear at different temporal granularities; graph-spectrum analysis [293] provides diagnostic tools for understanding when graph-based fusion
amplifies or suppresses complementary information; and semantics-aware frameworks such as CIME [264] encourage complementary evidence to be
assembled into emotion-consistent meaning rather than mere feature overlap. DEEMO [294] further demonstrates that removing identity-correlated
shortcuts implicitly forces models to rely on genuinely complementary affective cues, improving transfer across subjects and domains. Taken together,
these developments point to a broader principle: achieving robust complementarity requires not only finer fusion granularity but also explicit mechanisms
that prevent models from collapsing back onto the easiest available signal, whether that signal comes from a dominant modality, a dataset-specific shortcut,
or identity-correlated features that happen to correlate with emotion labels in controlled settings.

5.2.4 Modality Robustness. Modality robustness in MER refers to the ability of a fusion system to maintain reliable performance when one or more
input streams are corrupted, incomplete, or entirely absent. In practical deployment, visual signals may be occluded, audio streams corrupted by noise
or silence, and textual inputs missing due to ASR failures, latency, or privacy constraints. A critical insight that early empirical work established is
that robustness is not an inherent byproduct of multimodality: naive fusion strategies that perform well when all modalities are present often degrade
sharply when one is missing at inference time [114, 295], because the fusion operator has implicitly learned to rely on whichever modality provided
the strongest training signal. This means that a system can appear robust during evaluation on complete data while remaining brittle in exactly the
deployment conditions where multi-modal sensing is most likely to fail. MissModal [296] makes this failure mode explicit by framing missing modality
as a systematic train-test mismatch, showing that fusion mechanisms over-committed to a dominant modality can collapse catastrophically when that
modality becomes unavailable. The implication is that robustness must be engineered into the fusion process from the outset rather than treated as a
property that emerges naturally from combining multiple streams.

As the field progressed, the strategy shifted from tolerating missing modalities to actively recovering them. Rather than adapting fusion to incomplete
inputs, models began to infer missing modality representations from available ones. The Missing Modality Imagination Network [114] frames this as
a conditional reconstruction problem that jointly optimizes imagination and emotion prediction, while MMIN introduces modality-invariant feature
learning to ensure that reconstructed representations preserve task-relevant affective content rather than superficial statistical correlations. Translation-
based approaches reinterpret missingness as a cross-modal mapping problem, projecting available modalities into the representation space of absent ones
to stabilize downstream inference [297]. More recent work extends this further by making modality availability an explicit conditioning signal rather
than an implicit assumption: TATE [298] encodes missingness patterns via modality tags, and multi-modal prompt learning [265] conditions prediction
on which modalities are present, improving generalization across arbitrary modality subsets. The most recent advances couple recovery with uncertainty
modeling through generative frameworks: IMDer [115] treats incomplete multi-modal inputs as a diffusion-based recovery problem, and RRMER-DT [299]
integrates diffusion-based recovery with Transformer fusion in conversational settings. Taken together, these developments reflect a broader conceptual
shift in how the field understands robustness: from a passive property of fusion architectures to an active modeling objective that requires explicitly
reasoning about what is missing, why it is missing, and how reliably it can be recovered from the remaining streams.

5.3 Model Architectures

In this section, modern multi-modal fusion architectures in MER can be broadly classified into seven categories: (1) kernel-based architectures, (2) graphical
architectures, (3) neural network—based architectures, (4) Transformer-based architectures, (5) attention-based architectures, (6) generative-based architectures,
and (7) large language model-based architectures. (see Fig. 8 Fig. 9, and Fig. 10).

5.3.1 Kernel-based Architectures. Multiple kernel learning (MKL) established the first principled framework for multi-modal fusion in MER by associating
each modality with its own similarity function and learning an optimal weighted combination within a unified convex objective [117]. Its enduring con-
ceptual contribution is the explicit recognition that heterogeneous affective signals, including facial appearance, speech prosody, text, and physiological
signals, cannot be meaningfully compared through a single shared kernel because their statistical geometries differ fundamentally. Hybrid extensions that
combine MKL with deep convolutional encoders [5, 274, 300] preserved this principle of modality-specific similarity modeling while replacing handcrafted
kernels with learned representations. MKL was ultimately superseded by end-to-end neural fusion due to its scalability limitations and dependence on
support vectors, but its foundational principles of modality-specific encoding, weighted complementary fusion, and explicit similarity modeling continue
to inform the design of modern architectures, often implicitly.

5.3.2  Graphical Architectures. Graph-based architectures address a limitation that neither kernel nor flat neural models can resolve: in conversational
MER, emotional meaning is not localized within individual utterances but emerges from relational structures spanning speakers, turns, and modalities.
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Fig. 8. (a) kernel-based architectures, (b) graphical architectures, and (c) neural network-based architectures in multi-modal emotion recognition.

The critical insight motivating this paradigm is that relational structure is itself affective information. Whether an utterance expresses frustration depends
not only on its acoustic and lexical content but on who said it, to whom, and what was said before. Models such as COGMEN [125] and M3GAT [119]
operationalize this by treating dialogue as a heterogeneous graph where nodes represent utterances and edges encode speaker, temporal, and cross-modal
dependencies. More recent extensions further differentiate utterance-, speaker-, and modality-level relational structures [301], incorporate persona and
emotion shift detection [127], and align modality-specific with modality-invariant representations through graph-based distillation [302]. Taken together,
graphical models represent the most structurally explicit approach to conversational MER, and their continued development reflects a recognition that
scalable emotion understanding in dialogue requires reasoning over relational context, not merely aggregating per-utterance features.

5.3.3  Neural Network-based Architectures. Early neural MER models established a template that has proven remarkably persistent: separate uni-modal
encoders, typically CNNs or LSTMs, followed by joint fusion in shared hidden layers. Foundational work by Wéllmer et al. [303] and Nicolaou et al. [304]
showed that temporal emotion dynamics could be modeled through recurrent fusion without hand-crafted pipelines, while Tzirakis et al. [262] demon-
strated fully end-to-end audio-visual learning for continuous emotion recognition. Ensemble CNNs further improved generalization under limited labeled
data [305], and semi-supervised approaches [306] extended this to sparse annotation settings. Yet, a structural limitation runs through all of these designs:
the fusion bottleneck resides in the classifier, not the encoder. When modality representations are simply concatenated before a shared output layer, the
classifier is free to down-weight or ignore weaker modalities whenever the dominant one already minimizes training loss, and nothing in the objective
penalizes this shortcut. This is not a failure of specific models but an inherent consequence of the concatenate-then-classify paradigm.

Later work addressed this through more principled fusion objectives and cross-subject generalization strategies. MIST [307] combines DeBERTa for
text, Semi-CNN for speech, ResNet-50 for facial recognition, and 3D-CNN for motion analysis within a multi-modal framework that improves robustness
under limited data, while DISD-Net [308] incorporates dynamic interaction and self-distillation for cross-subject emotion recognition. These advances
reflect a broader recognition that generalization failures in neural MER are not primarily a capacity problem but a distribution mismatch problem: models
trained on acted or laboratory data fail in the wild because their fusion weights are calibrated to the statistics of the training corpus rather than to the
underlying affective signal. Interpretability remains an unresolved gap across this entire paradigm, as it is generally unclear which modalities or temporal
segments a neural MER model relies on for a given prediction, limiting deployment in applications where accountability is required.

Table 6. Comprehensive summary of model architectures for multi-modal emotion recognition, covering fusion types, techniques, advantages, and
disadvantages.

Model

Architectures Specific Techniques

Advantages Disadvantages

Kernel-based
Fusion

Modality-specific kernels
fusion [117]

MKL-based fusion [5]

« Supports heterogeneous modalities
via modality-specific kernels

« Enables principled weighted fusion
with convex optimization

« Effective for modeling
complementary similarity patterns

« Limited scalability with large
datasets

« High computational and inference
cost

« Difficult to integrate into end-to-end
deep architectures

Graphical-based
Fusion

Capsule graph convolutional
fusion [309]

Attention-based graph
structure [119]

Hierarchical heterogeneous
graph [301]

Decoupled distillation
graph [302]

« Explicitly models structured
dependencies across modalities and
context

« Captures complementary cues via
relational reasoning

« Well-suited for conversational and
context-aware MER

« Performance sensitive to graph
construction quality

« Increased architectural and
computational complexity

« Difficult to scale to long or densely
connected dialogues

(Continued on next page)
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Fusion Method | Specific Techniques ‘ Advantages Disadvantages
RNNs and LSTMs + Learns comp lex nop—lmear « Requires substantial labeled data
structure [304] cross-modal interactions R - .
. « Limited interpretability of fusion
Neural « Effective for temporal and .
CNN structure [305] . . . decisions
Networks-based ) ] continuous emotion modeling
Fusion Semi-supervised » Performance sensitive to data quality

learning [308]

« Scales well with large training
datasets

and domain shift

Attention-Based
Fusion

Self-attention [120]
Cross-attention [121]
Spatial-attention [310]
Temporal-attention [311]
Contextual-attention [312]

« Selectively highlights emotionally
salient cues

« Effectively handles modality
heterogeneity and asynchrony

« Supports fine-grained spatial,
temporal, and contextual fusion

« Sensitive to attention weight
estimation

« May amplify spurious or noisy cues

« Additional design complexity across
attention types

Transformer-Based
Fusion

Self-supervised
Transformer [313]

Pre-trained [314, 315]
Unified Transformer [316]

» Models long-range temporal and
cross-modal dependencies

« Flexible attention-based fusion for
asynchronous modalities

« Benefits from large-scale pretraining
and self-supervision

« Computationally expensive for long
sequences

« Performance sensitive to attention
design and data bias

« Limited interpretability of learned
attention patterns

Generative-Based
Fusion

GAN-based fusion [123]
Diffusion-based fusion [115]

Autoencoder-based
fusion [317]

» Models underlying data distributions
for robust fusion

« Enables modality reconstruction and
data augmentation

« Improves robustness under missing
or noisy modalities

« Training and inference are
computationally intensive

« Generation quality strongly affects
downstream fusion

« Optimization is often unstable and
hard to tune

LLM-Based Fusion

LLMs-based fusion [124]
Fine-tuning fusion [318]

Prompt-based learning [319]

« Leverages strong semantic reasoning
and world knowledge

« Supports instruction tuning and
prompt-based fusion

+ Enables zero-shot and
open-vocabulary emotion recognition

« High computational and memory
cost

« Sensitive to prompt design and data
bias

« Limited control over fine-grained
non-textual cues

5.3.4  Attention-based Architectures. Attention mechanismsin MER span a spectrum of interaction granularity that is often collapsed into a single category
in the literature, obscuring important functional distinctions (see Fig. 9). Self-modal attention, applied to speech and audio in works such as those
by Pan et al. [320] and Ho et al. [321], or through cascaded multi-head designs [120], reduces intra-modal noise and sharpens temporal focus, but
is fundamentally limited to improving what a single modality can express. Cross-modal attention, introduced by Krishna et al. [121] and Priyasad et
al. [112] and refined through residual and cascade structures [322, 323], enables one modality to selectively attend to complementary cues in another,
directly addressing the integration problem that self-modal attention cannot touch. Spatial attention identifies discriminative visual regions for image-text
emotion recognition [310], while temporal attention captures emotionally salient moments in speech and video [311, 312]. Advanced architectures such
as Phy-FusionNet [324] combine temporal attention with memory-augmented periodic modeling to capture long-range affective dynamics that standard
attention windows miss. The key insight that emerges from surveying these mechanisms together is that they are not interchangeable solutions to the
same problem but complementary instruments targeting distinct failure modes: self-modal attention addresses noise, cross-modal attention addresses
integration, and spatial-temporal attention addresses localization.

Contextual attention extends this logic further by modeling discourse-level dependencies that isolated utterance attention cannot capture. Multi-
EMO [98] introduces correlation-aware attention to jointly model modality interaction and dialogue flow across turns, while knowledge-aware and
Bayesian co-attention frameworks [325] incorporate external or latent context to guide attention allocation toward emotionally relevant evidence. Joint
Transformer-attention designs [326, 327] and MSER [328] unify temporal dependency modeling with cross-modal synchronization in a single pass. Conv-
attention adapters and attention-enhanced LLM-based systems [329] further demonstrate improved adaptability under limited supervision by injecting
attention-derived context into pretrained representations. The convergence of MER systems toward multi-granularity attention designs, combining self-
modal, cross-modal, spatial-temporal, and contextual mechanisms within a single architecture, reflects an implicit recognition that robust emotion un-
derstanding requires all of these capabilities simultaneously. The open challenge is not adding more attention heads but learning when to rely on each
granularity, a form of meta-attention that the field has not yet addressed systematically.

5.3.5 Transformer-based Architectures. Transformers [330] have become the dominant paradigm in MER, but their advantage over CNN-RNN systems
goes beyond parallelism and long-range dependency modeling. The deeper architectural contribution is that cross-attention makes modality alignment
and cross-modal interaction simultaneous rather than sequential: each modality can directly query representations from others at every layer, rather than
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Fig. 9. (a) transformer, and (b) cross-modality attention architectures in multi-modal emotion recognition.

waiting for a downstream fusion stage. Early works demonstrated this by replacing recurrent encoders with self-supervised Transformer fusion [313, 331],
and cross-modality Transformers [332-334] subsequently showed that this tighter coupling improves robustness to noise and modality inconsistency as
a direct structural consequence, not merely an empirical side effect. Pre-trained audio-visual Transformers [314, 315] further improved generalization
by leveraging large-scale multi-modal data, while hierarchical Transformer fusion architectures [99, 335, 336] integrated multi-level representations to
capture emotional cues at different temporal scales.

A prominent subsequent direction introduced modality-aware and adaptive fusion, where models such as those proposed by Zou et al. [337] and DQ-
based approaches [338] dynamically prioritize the most informative modality during inference, effectively internalizing into the architecture what earlier
systems handled through post-hoc reweighting. Unified Transformer frameworks [106, 316] generalized this across multiple MER tasks within a single
architecture, while flexible-input designs support continuous emotion labels, multi-label learning, and conversational settings [251, 326, 339-343]. More
recent advances push toward robustness and real-world applicability: modality-collaborative Transformers with feature reconstruction [344], memory-
augmented and periodicity-aware designs via Phy-FusionNet [324], capsule graph Transformers [345], adaptive cross-modal fusion networks [346], and
diffusion-enhanced Transformers for conversational MER [299] each address a specific deployment gap that vanilla Transformers leave open. The critical
unresolved question across this body of work is whether the performance gains of Transformer-based MER derive from the architecture itself or from
the large pretrained representations it exploits: disentangling these contributions has significant implications for where future research effort should be
directed.

5.3.6  Generative Architectures. Generative models occupy a distinctive role in MER because they address two problems that discriminative architectures
cannot solve by design. The first is data scarcity: GAN-based augmentation [123, 347] improves generalization by synthesizing realistic audio-visual
samples that diversify the training distribution beyond what real labeled data alone provides, and adversarial learning frameworks such as MALN [348]
and M*SER [349] promote modality-invariant, yet emotion-discriminative representations by treating cross-modal alignment as an adversarial objective.
The second and more fundamental problem is missing-modality robustness: discriminative models have no principled response when a modality is absent
at inference time, but generative models can reconstruct plausible representations of missing streams conditioned on available ones. Early autoencoder-
style reconstruction [317, 350] established the feasibility of this approach, while diffusion-based frameworks including IMDer [115], the model by Tian
et al. [351], and DiffuFuse [352] treat incomplete multi-modal inputs as a structured generative recovery problem, enabling substantially more calibrated
reconstruction than masked or zero-padded alternatives.

The critical insight that separates more effective from less effective generative MER systems is that perceptual plausibility and affective coherence are
not the same objective. A reconstructed speech stream may sound realistic while carrying the wrong emotional prosody, in which case it actively misleads
the fusion module rather than assisting it. This requires generative objectives to be explicitly coupled with emotion-discriminative constraints, as seen in
adversarial-generative frameworks [353, 354] that jointly optimize reconstruction fidelity and downstream emotion accuracy. Progressive reconstruction
approaches [355] address this by incrementally conditioning generation on available affective evidence, improving coherence at each stage. The broader
implication for MER system design is that generative and discriminative components should not be treated as separate modules but as co-dependent
parts of a single inference pipeline, and the coupling mechanism between them remains an underexplored design principle with significant practical
consequernces.
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Fig. 10. (a) GAN, (b) VAE, (c) Flow-based model, and (d) Diffusion model as generative architectures in multi-modal emotion recognition.

5.3.7 Large Language Model-Based Architectures. Large language models have introduced a qualitatively different paradigm for MER by shifting the
locus of multimodal understanding from task-specific fusion modules toward general-purpose reasoning over heterogeneous inputs. Unlike prior archi-
tectures that require carefully engineered cross-modal interaction mechanisms, LLM-based approaches treat emotion recognition as a language-mediated
reasoning problem, where acoustic, visual, and textual cues are jointly interpreted within a unified generative framework. EmoLLM [124] and Emotion-
LLaMA [318] exemplify this shift by demonstrating that instruction-tuned LLMs can not only recognize emotions across modalities but also generate
natural language explanations of their predictions, a capability that purely discriminative architectures cannot provide. The critical insight is that this
reasoning capacity comes without task-specific supervision: LLMs can generalize to unseen emotion categories and novel modality combinations in a
way that conventional deep learning models, trained on fixed label sets and fixed fusion topologies, fundamentally cannot.

Building on this foundation, subsequent work has extended LLM-based MER in two complementary directions: conversational understanding and
open-vocabulary generalization. DialogueMLLM [356] addresses the challenge of recognizing emotions in dynamic conversational contexts by instruction-
tuning LLMs on dialogue-level dependencies, capturing how emotional states shift across turns in ways that utterance-level models miss. Additionally,
Zhang et al. [357] introduced modality sabotage, a lightweight failure mode in LLMs where a high-confidence unimodal error dominates other evidence
and misleads multimodal fusion. AffectGPT [133] pushes further by introducing explainability as a first-class objective, providing reasoning traces that
make emotional predictions interpretable in real-world applications. On the generalization front, OV-MER [128] and GPT-4V-based approaches [248]
demonstrate meaningful zero-shot performance on emotion categories unseen during training, suggesting that the semantic richness of LLM pretraining
encodes affective knowledge that transfers across domains without retraining. AffectGPT-R1 [133] and R1-Omni [134] further integrate reinforcement
learning to improve both open-vocabulary performance and interpretability, combining the reasoning strengths of LLMs with reward-guided optimization.
Most recently, OMNISAPIENS-7B [358] introduces a unified benchmark for multimodal human behaviour understanding, and OMNISAPIENS-7B 2.0 [359]
further advances this direction with reinforcement learning to balance learning across heterogeneous modalities and tasks.

Despite these advances, LLM-based MER still faces several challenges. First, existing methods remain sensitive to prompt variations, such as changes
in separator tokens, wording, and the ordering of emotion labels [360]. This limitation suggests that LLMs may not fully comprehend human emotions.
Furthermore, overemphasizing LLMs’ emotion understanding capabilities could compromise their general-purpose performance [361]. How to effec-
tively mitigate memory forgetting also requires further investigation. In addition, multimodal hallucination remains a significant problem in LLMs and
negatively affects the reliability of their emotion prediction results [362]. Consequently, considerable work remains to be done to advance LLM-based
MER.

5.4 Summary of Multi-modal Emotion Recognition

Multi-modal emotion recognition has evolved from modality concatenation and kernel-based fusion toward deeply integrated, context-aware, and
reasoning-capable architectures. Reviewing the seven dimensions examined in this section reveals a unifying pattern: the field has progressively moved
from treating fusion as a feature engineering problem to treating it as a structured inference problem, where modality alignment, dominance, complemen-
tarity, and robustness are not separate challenges to be patched independently but interdependent properties of a single joint representation. The rise of
Transformer and LLM-based architectures reflects this shift most visibly, but the enduring open challenges of benchmark-to-deployment generalization,
demographic fairness, prompt sensitivity, and the annotation bottleneck are architecture-agnostic and will require advances in data, evaluation protocol,
and learning paradigm alongside continued architectural innovation.

6 FAIRNESS AND ETHICAL IMPLICATIONS

Automatic emotion recognition in conversations offers powerful tools for applications such as healthcare, education, and human-computer interaction.
However, these systems risk amplifying existing biases if fairness and ethical considerations are neglected. Previous work are strongly dependent on
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targeted datasets skewed toward specific demographics or culture groups, which may lead to uneven performance across gender, ethnicity, or age[363].
Many studies have shown that emotion perception itself varies with culture and social context, making it critical for automatic emotion recognition in
conversations to incorporate fairness-aware learning objectives and diverse, representative datasets. For example, the same tone or facial expression can
convey different emotions across cultural groups, and conversational norms such as silence, politeness, or sarcasm are also culturally shaped. These varia-
tions highlight that models trained on narrow populations may systematically misinterpret emotional cues, reinforcing biases, or excluding marginalized
voices (see Fig. 11).

- Demographic balance - Robust governance
+ Cultural sensitivity - Impact assessment
- Debiasing techniques

- Transparency

D .
- Interpretability ata anonymization

- Secure computation

Fig. 11. Fairness and ethical implications in emotion recognition.

Beyond data imbalance, interpretability and transparency also raise ethical concerns. Users should be able to understand how conversational cues are
processed, and how predictions are derived. Although contextualized reasoning networks [118, 125] and knowledge-aware graph approaches [131] show
promise, their internal decision-making remains opaque. Explainable emotion recognition techniques, such as attention visualization or concept-based
explanations, are essential for accountability. Moreover, without interpretable reasoning, it becomes difficult to diagnose systematic biases or erroneous
predictions, especially in sensitive contexts. Therefore, explainability is not merely an auxiliary feature but a critical requirement for establishing trust
and enabling responsible deployment. Recent work increasingly emphasizes human-centered interpretability, where explanations are tailored to different
stakeholders, including developers, domain experts, and end-users. Such approaches highlight that transparency should not only describe how a model
works but also support meaningful oversight and informed decision-making.

Meanwhile, privacy risks emerge when conversational data is collected without explicit consent, highlighting the importance of robust governance
protocols and privacy-preserving computation. Importantly, fairness and ethical issues surrounding emotion analysis are not limited to conversational
settings. Similar concerns have also been reported in related affective technologies, including facial expression recognition, physiological sensing, and
affect detection used in surveillance, recruitment, and educational analytics [68]. Previous models may disproportionately misclassify expressions exhib-
ited by certain racial or cultural groups, or systematically interpret atypical behavioral patterns as negative affect. When such biased models are applied
in consequential domains such as hiring decisions, student assessment, or public security, they may unintentionally legitimize intrusive monitoring and
reinforce structural inequalities. In these contexts, incorrect emotional judgments can influence access to opportunities, shape institutional treatment
of individuals, and affect how society defines and values different emotional expressions. These observations underscore that ethical challenges extend
beyond model training to issues of governance, social impact, and human autonomy.

In high-stakes environments such as education, healthcare, public security, or workplace monitoring, misclassification of emotions can have serious
consequences for well-being, trust, legal accountability, and fairness. Ethical frameworks thus call for ongoing bias audits, participatory design with end-
users, and culturally adaptive interpretations of emotional cues. Techniques such as federated learning, counterfactual fairness constraints, debiasing
objectives, and culturally calibrated benchmarks may help mitigate risks. Moreover, insights from other domains, including fairness principles applied in
recommendation systems, predictive policing, and hiring algorithms, can meaningfully inform the ethical design of conversational emotion recognition.
Beyond methodological advances, interdisciplinary collaborations with social scientists, ethicists, and affected communities are becoming increasingly
important for grounding technical solutions in lived experiences. Continued evaluation of system impact in real-world settings is also essential, as fairness
cannot be assumed at deployment but requires sustained monitoring and refinement over time.

In summary, fairness and ethical considerations are integral to the responsible advancement of emotion recognition research. The field is evolving
from a focus on limited evaluation criteria toward more inclusive, transparent, and privacy-preserving systems designed to reflect demographic, cultural,
and contextual diversity. Future progress depends on integrating fairness-aware objectives, explainable reasoning mechanisms, cross-domain ethical
frameworks, and governance models that ensure emotion recognition technologies enhance human well-being rather than reinforce inequity.

7 FUTURE DIRECTIONS

The preceding sections have surfaced a set of concrete, recurring limitations across emotion modeling, dataset construction, uni-modal learning, multi-
modal fusion, and evaluation practice. Rather than restating generic algorithmic aspirations, the directions below are each anchored to a specific gap
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identified in our analysis, with the aim of translating the unified framework proposed in this survey into actionable research priorities. Fig. 12 situates
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these directions within the broader vision of affective foundation models.
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Fig. 12. Exploring data, representations, and models helps establish a strong theoretical and practical foundation for the affective model.

Appraisal-Based Modeling as an Underexplored Bridge for Conversational Emotion: As established in Section 2, the dominant emotion frame-
works used in practice remain Ekman’s categorical model and the valence-arousal dimensional space, despite their well-documented limitations in
capturing the dynamic, relational character of emotions in conversation. Appraisal-based models—which explain emotion as the outcome of a speaker’s
evaluation of novelty, goal relevance, and coping potential [51, 52]—offer a theoretically richer account of why emotions shift across turns. Yet, as our
review of conversational MER in Section 5 reveals, no existing dataset or benchmark has operationalized appraisal dimensions at the turn level. Future
work should therefore (i) annotate existing conversational corpora such as IEMOCAP [62] and MELD [63] with appraisal-derived labels—even at a coarse
three-level granularity—and (ii) design model architectures that condition emotion prediction on inferred speaker goals and situational context, rather
than treating each utterance as an independent classification instance. This would transform conversational MER from a sequence-labeling task into a
richer form of affective reasoning grounded in cognitive theory.

Establishing When and Why Fusion Strategies Succeed or Fail: Section 5 and Table 5 catalog a wide range of fusion architectures—early, late,
model-level, and hybrid—but the field currently lacks principled criteria for selecting among them. Our cross-study analysis reveals that performance
differences between fusion strategies are highly sensitive to modality availability, dataset size, and label granularity, yet these factors are rarely controlled
for in published comparisons. Future benchmarks should systematically test models under varying modality-availability conditions—including unimodal-
only baselines, full trimodal inputs, and missing-modality scenarios—so that the community can develop empirically grounded rules for fusion strategy
selection. In particular, future work should investigate the conditions under which late fusion outperforms cross-modal attention despite its architectural
simplicity, and should quantify the marginal gain of adding physiological signals (P) to audio—text—visual (ATV) systems, a question that Table 1 shows
remains systematically unanswered in the literature.

Targeted Robustness Benchmarking Aligned with Table 4 Generalization Gaps: Our synthesis of uni-modal and multi-modal models in Sections 4—
5 reveals a consistent pattern: state-of-the-art results are reported on a small cluster of benchmarks (IEMOCAP, MELD, CMU-MOSI), and cross-corpus
evaluations are the exception rather than the rule. The models surveyed in Table 4 rarely report performance on held-out domains, languages, or de-
mographic subgroups, making it impossible to distinguish genuine generalization from dataset-specific overfitting. Future evaluation protocols should
mandate at minimum: (i) leave-one-corpus-out evaluation across at least two datasets sharing a compatible label space; (ii) disaggregated performance
reporting by speaker gender, age group, and language; and (iii) robustness scores under controlled noise injection into each modality. Establishing these
as community norms—analogous to out-of-distribution benchmarks in computer vision—would make the generalization claims implicit in Table 4 empir-
ically testable rather than assumed.

Scalable and Privacy-Preserving Data Strategies to Address Dataset Fragmentation: Section 3 documents that existing emotion corpora are
fragmented across incompatible label spaces, skewed toward acted or induced elicitation paradigms, and severely underrepresented in non-English and
non-Western cultural contexts. This fragmentation is not merely inconvenient—it is a direct cause of the cross-corpus generalization failures identified
above. Future data strategies should pursue three complementary approaches: (i) semi-supervised and self-supervised annotation pipelines [138] that
can scale naturalistic data collection without full manual labeling [364]; (ii) cross-cultural benchmark consortia analogous to SEWA [50] but covering
a broader set of languages and interaction styles; and (iii) federated data collection frameworks [130] that allow institutions to contribute data while
preserving participant privacy—particularly important for clinical and educational deployment contexts.

Interpretable and Domain-Generalizable Representation Learning: As highlighted in Sections 4-5, the shift from hand-crafted features to large pre-
trained models (wav2vec 2.0, HuBERT, WavLM, ViT) has substantially improved within-dataset accuracy, but has also reduced model interpretability and
increased sensitivity to domain shift. The models reviewed exhibit significant performance degradation when applied outside their training distribution,
yet few incorporate explicit domain-adaptation or continual-learning mechanisms [4, 28]. Future research should develop hybrid architectures that
combine the representational power of self-supervised pre-training with modular, interpretable components—such as attention over acoustic landmarks
or facial action unit activations—that allow practitioners to audit model behavior and identify failure modes without full retraining [18, 365].
Fairness-Aware Evaluation as a First-Class Benchmark Criterion: Section 6 identifies that demographic and cultural bias in both training data
and evaluation protocols remains a largely unresolved issue. Crucially, our survey of existing benchmarks reveals that fairness metrics are almost never
reported alongside accuracy metrics, meaning that a model achieving high weighted-F1 on IEMOCAP may perform far worse for specific speaker demo-
graphics without this being detected. Future benchmarks should treat equitable performance across demographic subgroups as a first-class evaluation
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criterion, on par with overall accuracy. Concretely, this requires datasets annotated with speaker demographic metadata, evaluation scripts that report
performance gaps as standard outputs, and challenge tracks—analogous to those in MER2024 [66] and MER2025 [67]—that explicitly reward fairness
alongside accuracy. Since emotional expression varies systematically across cultural contexts [129], cross-cultural calibration of annotation schemes
should also become standard practice, and holistic affective computing frameworks that jointly model emotions alongside related states such as stress
and cognitive load should be explored [142].

Toward Affective Foundation Models with Rigorous Generalization Criteria: Recent advances in large language and vision-language models
have catalyzed interest in unified affective models capable of few-shot adaptation and open-vocabulary emotion reasoning [128, 133, 135]. However, the
evaluation of these models currently lacks the rigor applied to task-specific systems: reported results mix zero-shot, few-shot, and fine-tuned settings
without standardized protocols, and generalization to non-English or non-acted data is rarely tested. Future work on affective foundation models should
therefore be accompanied by a dedicated evaluation suite—analogous to EmoBench [141]—that assesses: (i) zero-shot transfer across label spaces; (ii)
compositional reasoning over multi-turn affective context; (iii) calibration under distribution shift; and (iv) alignment with human annotations from
diverse cultural and linguistic backgrounds. Only with such criteria can the field determine whether affective foundation models represent genuine
scientific progress or primarily reflect the statistical biases of their pre-training corpora.

In summary, the future of emotion recognition is not simply a matter of scaling models or collecting more data. The specific gaps identified in this
survey—appraisal-theoretic modeling of conversational dynamics, principled fusion strategy selection, systematic cross-corpus generalization testing,
culturally inclusive data strategies, interpretable robustness under domain shift, fairness-aware benchmarking, and rigorous evaluation of affective foun-
dation models—define a concrete research agenda. Progress on these fronts will require the community to prioritize reproducibility and comparability
over benchmark-specific performance, and to treat theoretical grounding, ethical accountability, and cross-disciplinary collaboration [219, 366, 367] not
as supplementary concerns but as integral components of methodological rigor.

8 CONCLUSION

This survey has presented a unified synthesis of deep learning-based emotion recognition, jointly examining unimodal and multimodal approaches
within a coherent analytical framework spanning emotion modeling, dataset curation, modality-specific representation learning, fusion strategy design,
and evaluation. Across all three unimodal modalities, progress has been substantial: facial expression recognition has evolved from hand-crafted geo-
metric descriptors toward spatio-temporal and Transformer-based architectures; speech emotion recognition has been transformed by self-supervised
pretraining, which resolves the fundamental mismatch between model capacity and the scarcity of emotion-labeled data; and textual emotion recognition
has advanced through pretrained language models, though the central challenge of capturing how emotional meaning evolves across conversational turns
remains open. At the multi-modal level, fusion research has progressed from simple feature concatenation toward principled strategies that treat modality
alignment, dominance, complementarity, and robustness as explicit modeling objectives, and large language model-based architectures have introduced
a qualitatively different paradigm by enabling zero-shot generalization and natural language explainability. Yet several foundational challenges persist
across the field: label ambiguity and annotation subjectivity undermine cross-dataset comparability, evaluation protocols remain fragmented and poorly
equipped to detect models that are functionally uni-modal despite nominal multi-modal fusion, and demographic fairness across speaker gender, age, and
dialect is consistently acknowledged but rarely addressed in a principled way. These limitations are structural rather than incidental, and future progress
will require not only stronger models but also more ecologically valid datasets, standardized evaluation frameworks, and systematic treatment of the
ethical implications of affective inference in real-world deployment.
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