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Abstract: Multimodal affective computing (MAC) aims to enable machines to recognize and understand human emotions by 

integrating information from multiple modalities, including text, speech, facial expressions, and gestures. Traditional fusion 

methods such as early fusion, late fusion, and tensor fusion often struggle to capture fine-grained inter-modal dependencies and 

handle conflicts between modalities. Cross-modal attention has emerged as a powerful mechanism to address these challenges 

by selectively aligning and weighting features across modalities, highlighting relevant cues while suppressing noise. This survey 

reviews recent advances in MAC with a focus on cross-modal attention, covering core tasks such as Multimodal Sentiment 

Analysis (MSA), Multimodal Emotion Recognition in Conversations (MERC), and Multimodal Sarcasm and Humor Detection 

(MSD). We analyze the principles of cross-modal attention, summarize representative models, and discuss their empirical 

performance. Finally, we identify current challenges, including dataset limitations, asynchronous modality alignment, and 

interpretability, and propose future directions such as large-scale pretraining, knowledge-enhanced modeling, and interpretable 

attention mechanisms. Overall, cross-modal attention significantly improves robustness, context-awareness, and fine-grained 

emotion understanding in multimodal affective computing. 

Keywords: Multimodal Affective Computing, Cross-Modal Attention, Sentiment Analysis, Emotion Recognition in 

Conversation, Sarcasm Detection 

 

1. Introduction 

Affective computing, which aims to endow machines with 

the ability to recognize and respond to human emotions, plays 

a pivotal role in applications such as social media analysis, 

dialogue systems, and human–computer interaction. Human 

affect is inherently multimodal, expressed through text, 

speech, facial expressions, and other behavioral cues. Relying 

on a single modality often fails to capture the richness and 

ambiguity of emotional expressions, leading to reduced 

robustness and generalization. To address these limitations, 

multimodal affective computing (MAC) has emerged as a 

promising direction. By integrating information from 

different modalities, MAC achieves more reliable emotion 

understanding compared with unimodal approaches. 

Traditional fusion strategies, including early fusion, late 

fusion, and tensor fusion, have advanced the field, yet they 

struggle to capture fine-grained cross-modal dependencies 

and to resolve conflicts between modalities. These challenges 

call for more flexible and adaptive mechanisms for 

multimodal interaction. 

Recently, cross-modal attention mechanisms have gained 

prominence as an effective solution. By selectively aligning 

and integrating information across modalities, cross-modal 

attention highlights relevant signals while suppressing noise 

and inconsistencies. This capability is particularly valuable 

for affective tasks where subtle interdependencies or modality 

mismatches are crucial—for example, sarcasm often emerges 

from incongruent verbal and visual cues. 

This survey provides an overview of multimodal affective 

computing with a focus on cross-modal attention. First, we 

review the foundations of MAC and its key tasks such as 

sentiment and emotion recognition, dialogue emotion 

recognition, and sarcasm or humor detection. Second, we 

introduce cross-modal attention architectures and their 

advantages over traditional fusion methods. Third, we 

analyze applications of cross-modal attention in various 

affective computing scenarios. Finally, we discuss challenges 

and future directions. 

2. Multimodal Affective Computing: 
Background 

Multimodal affective computing (MAC) aims to 

understand and interpret human emotions by integrating 

information from multiple modalities, including text, speech, 

facial expressions, gestures, and physiological signals[1], [2]. 

Unlike unimodal approaches, which rely solely on a single 

source of information, multimodal methods leverage 

complementary cues across different channels, thereby 

improving robustness and enabling richer emotional 

understanding. For instance, a sarcastic comment in text may 

be accompanied by a tone of voice or facial expression that 

conveys the opposite sentiment, which cannot be captured 

effectively by analyzing text alone[3]. 

2.1. Core Tasks 

MAC encompasses several key tasks, reflecting the 

diversity of emotional expressions across different modalities. 

In this paper, we focus on introducing the following task types: 

Multimodal Sentiment Analysis (MSA) focuses on 

classifying the sentiment or emotional state expressed in 

videos, social media posts, or short texts by combining textual, 

auditory, and visual features[4]. Typical applications include 

movie review analysis, online comment moderation, and 

affect-aware recommendation systems. 

Multimodal Emotion Recognition in Conversations 

(MERC) aims to model emotion dynamics in multi-turn 
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conversations. Here, the challenge lies not only in fusing 

multiple modalities, but also in capturing contextual 

dependencies and speaker-specific patterns over time[5]–[7]. 

Accurate MERC is critical for conversational AI, empathetic 

dialogue systems, and virtual assistants. 

Multimodal Sarcasm Detection (MSD) addresses 

scenarios where emotional expression is implied through 

incongruence between modalities, such as a positive textual 

comment accompanied by a negative facial expression or 

image[3], [8], [9]. Detecting such subtle inconsistencies 

requires models that can align and compare information 

across modalities effectively. 

2.2. Traditional Fusion Approaches 

Early studies in MAC relied on conventional fusion 

strategies to integrate information from different modalities. 

Early fusion concatenates raw or preprocessed features from 

all modalities before feeding them into a classifier[10]–[12]. 

While straightforward, this approach often suffers from noise 

propagation and imbalance between modalities. Late fusion 

processes each modality independently and combines their 

predictions at the decision level[13], [14], offering robustness 

but limited capacity to model inter-modal interactions. To 

capture higher-order correlations, tensor fusion networks 

(TFN) and other hybrid fusion methods were proposed[15], 

[16], allowing multiplicative interactions among modalities. 

However, these approaches tend to be computationally 

expensive and still struggle with modeling dynamic 

dependencies and fine-grained interactions. 

2.3. Limitations and Motivation for Cross-

Modal Modeling 

Despite these advances, traditional multimodal fusion 

methods face several challenges. First, they often fail to 

capture complex interdependencies between modalities, 

especially when emotions are expressed through subtle or 

conflicting cues. Second, they provide limited interpretability, 

making it difficult to understand how each modality 

contributes to the final prediction. Third, handling temporal 

context and long sequences remains problematic, particularly 

in dialogue-based or video-based emotion recognition. These 

limitations motivate the development of more sophisticated 

mechanisms for cross-modal interaction, with attention-based 

methods emerging as a promising solution for effectively 

aligning and weighting information across modalities. 

3. Cross-modal Attention: Foundations 

3.1. A Brief Review of Attention Mechanisms 

The attention mechanism was originally introduced in 

natural language processing to improve sequence modeling 

by allowing models to focus on the most relevant parts of the 

input[17]. Self-attention, popularized by the Transformer 

architecture, enables a sequence element to attend to all other 

elements within the same modality, capturing global 

dependencies and contextual information. This has proven 

highly effective in a range of tasks including machine 

translation[18], [19], text classification[20], [21], and text 

summarization[22], [23]. 

In multimodal learning, however, modeling intra-modal 

relationships alone is insufficient. To address this, co-

attention mechanisms were proposed, where two different 

modalities attend to each other in a coordinated manner[8], 

[13], [17], [24]. Co-attention allows one modality (e.g., text) 

to guide the focus over another modality (e.g., visual regions 

in an image), and vice versa, enabling richer cross-modal 

interactions. These ideas laid the foundation for more 

advanced cross-modal attention methods. 

3.2. Principles of Cross-modal Attention 

Cross-modal attention refers to the explicit modeling of 

information exchange across different modalities through 

selective alignment and feature weighting. Instead of naïvely 

concatenating or averaging features, cross-modal attention 

dynamically learns which features from one modality should 

be highlighted given the context of another. 

Formally, given a query representation𝑄 ∈ ℝ𝑛×d from one 

modality (e.g., text) and key–value pairs (𝐾, 𝑉) ∈ ℝ𝑚×𝑑 

from another modality (e.g., visual or acoustic signals), the 

cross-modal attention can be defined as: 

𝐴𝑡𝑡(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑
)𝑉 (1) 

where the similarity between query and key determines the 

attention weights, and the values provide the contextualized 

features. 

 

 
Fig 1. Cross-Modal Attention Schematic 

 

In practice, bi-directional cross-modal attention can be 

established by performing this operation in both directions (as 

illustrated in Figure 1): 

𝐻(𝑇) = 𝐴𝑡𝑡(𝑄(𝑇), 𝐾(𝑉), 𝑉(𝑉)) (2) 

𝐻(𝑉) = 𝐴𝑡𝑡(𝑄(𝑉), 𝐾(𝑇), 𝑉(𝑇)) (3) 

where 𝑇  and 𝑉  denote text and visual modalities, 

respectively. This allows each modality to refine its 

representation conditioned on the other, yielding more 

semantically aligned features. 

The key principle is information enhancement through 

selective alignment: each modality not only contributes its 

own features but also shapes the representation of other 
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modalities by emphasizing complementary or contradictory 

signals. For affective computing, this is crucial since 

emotions are often conveyed through subtle 

interdependencies[25]–[27] (e.g., smiles accompanying 

positive text) or inconsistencies[28], [29] (e.g., sarcasm 

expressed by mismatch between words and tone). 

3.3. Advantages over Traditional Fusion 

Compared with early, late, or tensor fusion methods, cross-

modal attention provides several advantages: 

⚫ Highlighting inter-modal relevance: It selectively 

emphasizes features that are consistent or 

complementary across modalities. 

⚫ Revealing conflicts: It enables the model to exploit 

modality mismatches, which are important signals in 

sarcasm or irony detection. 

⚫ Leveraging complementarity: It naturally integrates 

multimodal information at multiple levels of 

granularity, reducing redundancy and noise. 

Overall, cross-modal attention has become a cornerstone 

technique in multimodal affective computing, enabling 

models to move beyond shallow fusion and toward more 

context-aware and interpretable emotion understanding. 

4. Applications in Multimodal 
Affective Computing 

Cross-modal attention mechanisms have been extensively 

applied across various task types within multimodal affective 

computing. The following subsections shall respectively 

examine their typical applications and value in Multimodal 

Sentiment Analysis (MSA), Multimodal Emotion 

Recognition in Conversations (MERC), and Multimodal 

Sarcasm Detection (MSD). 

4.1. Multimodal Sentiment Analysis (MSA) 

Multimodal Sentiment Analysis (MSA) focuses on 

classifying the sentiment or emotional state expressed 

through videos, social media posts, or short texts by 

leveraging multiple modalities, such as textual content, 

speech, and visual signals. Compared with unimodal 

approaches, MSA benefits from integrating complementary 

cues across modalities, leading to more robust and nuanced 

sentiment predictions. 

Challenges: MSA faces several challenges due to the 

heterogeneous nature of modalities. First, feature alignment 

across text, audio, and visual streams is non-trivial, as 

different modalities often operate at distinct temporal 

resolutions. Second, modality noise or irrelevant signals can 

interfere with accurate sentiment classification. Third, the 

relative importance of each modality may vary across 

instances, necessitating dynamic weighting. 

Role of Cross-modal Attention: Cross-modal attention 

has been widely adopted in MSA to address these challenges. 

Its primary function is to align features across modalities and 

dynamically assign weights to each modality, highlighting 

relevant signals while suppressing noise. For example, 

⚫ Ghosal et al. proposed the Multimodal Multi-

Utterance Bi-modal Attention (MMUU-BA) 

framework[30], which leverages both self-attention 

and cross-modal attention mechanisms to capture 

latent emotions within sentences. 

⚫ Curto et al. designed Dyadformer, inspired by 

Transformer encoders[31], which employs cross-

attention for modality fusion and facilitates 

information flow between interlocutors.  

⚫ Zhuang et al. introduced GLoMo[32], which first 

integrates global and local representations via a 

Mixture-of-Experts (MoE) mechanism and then fuses 

feature information using cross-modal attention.  

⚫ Zhu et al. proposed KEBR[33], incorporating a text-

dominant cross-modal attention module to enhance 

multimodal feature representations.  

Applications and Empirical Evidence: Cross-modal 

attention models have achieved superior performance on 

benchmark datasets, outperforming traditional early and late 

fusion methods. Dynamic modality weighting improves the 

model’s ability to handle noisy or missing inputs, while fine-

grained alignment enhances recognition of nuanced sentiment 

expressions. 

In summary, the key contributions of cross-modal attention 

in MSA are: 

⚫ Feature alignment – ensuring correspondence across 

heterogeneous modalities. 

⚫ Dynamic modality weighting – emphasizing 

informative modalities while reducing noise. 

⚫ Fine-grained emotional cue extraction – capturing 

subtle expressions across text, audio, and visual 

channels. 

These mechanisms allow MSA models to robustly and 

accurately predict sentiment in complex multimodal 

scenarios. 

4.2. Multimodal Emotion Recognition in 

Conversations (MERC) 

Multimodal Emotion Recognition in Conversations 

(MERC) extends the task of multimodal sentiment analysis to 

a more challenging and dynamic setting: multi-turn dialogues. 

Unlike single-turn utterances, conversations involve evolving 

emotional dynamics, speaker-specific patterns, and 

dependencies across time. These characteristics make MERC 

a crucial task for applications such as empathetic 

conversational agents, affect-aware virtual assistants, and 

social robots. Cross-modal attention has become a central 

component in MERC because it can explicitly model 

temporal alignment, contextual dependencies, and speaker-

aware interactions across modalities. 

Challenges: One of the main difficulties in MERC lies in 

capturing long-range contextual information, since the 

emotional state of a given utterance often depends on several 

previous turns. Another challenge is speaker dependency: 

different speakers may display distinct emotional trajectories, 

and interactions between them shape the overall dialogue 

sentiment. Finally, ensuring temporal consistency is crucial, 

as abrupt or unrealistic emotion shifts can negatively affect 

recognition accuracy. 

Role of Cross-modal Attention: Cross-modal attention 

has been widely adopted in MERC to address these 

challenges. Its main advantage is the ability to align and 

integrate multimodal features across time while selectively 

emphasizing the most relevant signals. For example, 

⚫ Zhang et al. proposed CMCF-SRNet[27], a dialogue 

modeling framework that leverages attention 

mechanisms and semantic graphs. It employs a 

semantic-graph-based Transformer encoder to 

effectively capture latent emotions. 

⚫ Chudasama et al. introduced M2FNet[14], which 

designs a feature extractor based on multi-head 
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attention to capture latent features across different 

modalities. 

⚫ Shi et al. proposed the MultiEMO framework[34], 

which integrates multimodal cues effectively by 

modeling cross-domain relationships through 

bidirectional multi-head cross-attention layers. 

⚫ Yun et al. developed TelME[35], which utilizes 

knowledge distillation to transfer knowledge from a 

text-modality teacher model to non-text modality 

student models, thereby enhancing the performance 

of weaker modalities. Finally, it employs attention-

based multimodal shifted fusion to integrate features 

from multiple modalities.  

Applications and Empirical Evidence: On benchmark 

datasets such as IEMOCAP and MELD, cross-modal 

attention-based models consistently outperform early fusion 

and late fusion approaches. They have proven especially 

effective for complex emotions like frustration, anger, or 

empathy, which are difficult to capture from a single modality 

alone. Furthermore, hierarchical and speaker-aware cross-

modal attention strategies have shown clear benefits in 

modeling realistic conversational scenarios. 

In summary, cross-modal attention in MERC plays a key 

role in: 

⚫ Temporal alignment – linking current utterances with 

historical multimodal cues. 

⚫ Dialogue-level emotion tracking – modeling evolving 

dynamics over multiple turns. 

⚫ Speaker-aware modeling – capturing individual-

specific and interpersonal emotional dependencies. 

These advances illustrate how cross-modal attention can 

effectively bridge the gap between multimodal feature fusion 

and dialogue-level emotional reasoning.  

4.3. Multimodal Sarcasm Detection (MSD) 

Multimodal Sarcasm and Humor Detection (MSD) aims to 

identify sarcastic or humorous expressions that are often 

conveyed through incongruences between modalities. For 

example, a positive textual comment may be accompanied by 

a negative facial expression or a contrasting tone of voice. 

Such subtle modality conflicts make MSD particularly 

challenging and highly relevant for social media analysis and 

meme understanding. 

Challenges: MSD presents several unique challenges. First, 

detecting sarcasm or humor relies on recognizing modality 

conflicts, which may be implicit or context-dependent. 

Second, semantic subtleties in text or speech often require 

alignment with visual cues to uncover the underlying affect. 

Third, datasets for MSD are limited and highly variable, 

complicating model generalization. 

Role of Cross-modal Attention: Cross-modal attention 

has proven effective in addressing these challenges by 

explicitly modeling interactions and inconsistencies between 

modalities. For instance, 

⚫ Pan et al. developed a BERT-based model[29] that 

captures contextual information in the task by 

considering both intra-modal and inter-modal 

inconsistencies. 

⚫ Xu et al. introduced the Decomposition and Relation 

(D & R) network[9], which models both shared and 

modality-specific features in visual-text bimodal data. 

By incorporating attention mechanisms, this 

approach effectively captures visual and textual 

features, enabling more comprehensive multimodal 

sarcasm detection. 

⚫ Desai et al. proposed a Transformer-based encoder[36] 

that leverages cross-modal attention to focus on 

distinctive features across different modalities. 

⚫ Ou et al. presented a global–local cross-modal[37] 

interaction learning method based on CLIP, which 

captures multi-granularity cues and enhances cross-

modal interactions in multimodal sarcasm detection 

tasks.  

Applications and Empirical Evidence: Cross-modal 

attention enables MSD models to focus on the most 

informative features that indicate incongruence, such as a 

smiling face paired with sarcastic text. Models utilizing this 

mechanism have achieved higher accuracy and better 

robustness on multimodal sarcasm and humor datasets. These 

approaches also offer interpretability, as attention weights can 

indicate which modality or feature contributes to the detection 

of sarcasm or humor. 

In summary, cross-modal attention contributes to MSD by: 

⚫ Detecting modality conflicts – uncovering 

discrepancies between textual, visual, and auditory 

cues. 

⚫ Capturing implicit semantics – aligning subtle cues 

across modalities to reveal underlying sarcasm or 

humor. 

⚫ Improving interpretability – providing insights into 

which features are decisive for detection. 

5. Conclusion and Future Directions 

Multimodal affective computing has witnessed significant 

advancements in recent years, with cross-modal attention 

mechanisms emerging as a central technique for effectively 

integrating heterogeneous modalities. By selectively aligning 

and weighting information from text, speech, and visual 

channels, cross-modal attention enables models to capture 

subtle emotional cues, resolve conflicts across modalities, and 

model context-dependent or temporal dynamics. Its 

application spans key tasks including Multimodal Sentiment 

Analysis (MSA), Multimodal Emotion Recognition in 

Conversations (MERC), and Multimodal Sarcasm and Humor 

Detection (MSD), demonstrating consistent performance 

improvements over traditional early or late fusion approaches. 

Overall, cross-modal attention has proven to be invaluable for 

robust, interpretable, and fine-grained emotion understanding. 

Despite these advances, several challenges remain. First, 

dataset limitations constrain the generalization and scalability 

of multimodal models, especially in sarcasm and humor 

detection or low-resource domains. Second, cross-modal 

alignment remains difficult due to asynchronous modalities, 

heterogeneous feature spaces, and temporal mismatches. 

Third, while attention weights provide some interpretability, 

the overall explainability of cross-modal interactions is still 

limited, hindering insight into how models make affective 

predictions. 

Looking forward, several promising directions can further 

advance the field: 

⚫ Large-scale pretraining and multimodal foundation 

models: Leveraging pretrained models across 

modalities can improve generalization, enable zero-

shot or few-shot learning, and reduce reliance on task-

specific annotated datasets. 

⚫ Knowledge-enhanced multimodal modeling: 

Incorporating external knowledge sources, such as 

knowledge graphs or commonsense reasoning, can 
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enhance semantic understanding and improve 

recognition of complex affective phenomena like 

sarcasm and humor. 

⚫ Interpretable and controllable attention mechanisms: 

Developing attention architectures that provide 

transparent explanations of cross-modal interactions 

can increase trustworthiness and facilitate debugging 

in practical applications. 

⚫ Generalization and low-resource scenarios: 

Techniques for domain adaptation, transfer learning, 

and semi-supervised learning can help cross-modal 

attention models perform effectively in unseen or 

data-scarce environments. 

In conclusion, cross-modal attention has fundamentally 

transformed multimodal affective computing, enabling more 

accurate, context-aware, and nuanced emotion recognition. 

By addressing current challenges and exploring the future 

directions outlined above, the field is poised to achieve even 

greater advances, with broad implications for human–

computer interaction, social media understanding, and affect-

aware AI systems. 
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