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ABSTRACT: Human emotions are intricate and difficult to decipher through various modalities. Current methodolo-
gies frequently employ inflexible fusion strategies that do not consider the dynamic and context-sensitive characteristics
of emotional expressions in both visual and textual mediums. This paper presents SYMPHONIA (Synchronizing Facial
and Textual Modalities for Emotion Understanding), an innovative architecture engineered to capture and amalgamate
emotional signals from facial expressions and language, attuned to contextual and modality interactions. There are two
parts to SYMPHONIA: a Facial Emotion Branch that uses Vision Transformers and facial landmarks, and a Textual
Emotion Branch that uses RoBERTa embeddings and graph-based reasoning. A Dual-Branch Dynamic Attention
Mechanism and a Hierarchical Adaptive Fusion Module are used to connect these branches. SYMPHONTIA beat the best
models on four datasets: IEMOCAP, MELD, CMU-MOSI, and CMU-MOSETL. It got 80.9% accuracy and 80.1% Fl-score
on IEMOCAP, which was better than Dualgats (74.8%) and EmoCLIP (75.3%). SYMPHONTIA got 74.2% accuracy and
73.5% Fl-score for MELD. It beat its competitors by getting a 0.86 Pearson correlation on MOSI and a 0.83 on MOSEI
for predicting sentiment. Cross-dataset tests showed that SYMPHONIA could generalize, with 66.9% accuracy when
trained on IEMOCAP and tested on MELD. This was better than all the baselines. These results show that SYMPHONIA
is good at recognizing emotions and analyzing sentiment in different situations, which shows that it can adapt and do
well in different settings.

KEYWORDS: Multimodal emotion recognition; ROBERTa; cross-modal attention; graph neural networks; contrastive
learning; adaptive fusion; temporal modeling; affective computing; context-aware representation

1 Introduction

Emotion recognition systems represent a fundamental component of human-computer interaction
(HCI) [1] and have significant applications in affective computing [2], virtual agents [3], behavioral
analysis [4], and mental health diagnostics [5]. Earlier approaches primarily focused on facial expression
recognition [6,7], textual analysis [8], and speech analysis [9], which collectively laid the foundation for
emotion recognition research [10,11]. However, these unimodal systems often lacked robustness to noise,
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ambiguity, and cross-modal biases [12]. In contrast, multimodal emotion recognition (MER) seeks to extract
and integrate emotional cues from heterogeneous yet complementary modalities, thereby improving the
reliability of emotion inference [13]. Despite the advances in MER, many existing models still rely on static
fusion strategies or simplistic cross-modal interaction mechanisms [14]. Such approaches fail to capture
the inherently dynamic and context-sensitive interplay between modalities. For instance, textual content
may describe a smile as a joyful expression while simultaneously masking sarcasm, the interpretation of
which may depend on preceding conversational context [15]. Furthermore, numerous multimodal feature
integration methods treat features from different modalities as equally important regardless of contextual
relevance. This assumption limits the model’s ability to adaptively emphasize the most informative emotional
indicators specific to a given scenario [16].

To deal with these constraint issues, we develop SYMPHONIA, a new multimodal framework capable
of dynamically synthesizing facial expression and text emotion signals. The architecture consists of two
modality-specific branches: A Facial Emotion Branch which employs Vision Transformers (ViT) with
Landmark Guided Attention plus LSTM temporal modeling, and a Textual Emotion Branch derived from
RoBERTa embeddings [16] with a TSG built with GAT. Both branches are strongly integrated via a Dual-
Branch Dynamic Attention Mechanism which allows cross-modal, context-sensitive interactions to control
influence between modalities. The hierarchical adaptive fusion module operates by aligning and integrating
multimodal features across multiple layers. It labels features at different semantic levels, using adaptive
control and contrastive self-supervised learning to ensure precise and efficient fusion.

By combining classification and regression methods, SYMPHONIA consistently surpasses current
state-of-the-art models, achieving superior results across multiple datasets, including IEMOCAP, MELD,
CMU-MOSI, and CMU-MOSEI. The redesigned framework has significantly enhanced both accuracy and
long-term stability through a modular architecture and dynamic attention mechanisms. These improvements
highlight the model’s adaptability and its sensitivity to emotional context. SYMPHONIA’ contribution
reflects the evolution of affective computing, where emotion recognition has advanced toward a more
complex, interdisciplinary approach supported by flexible and adaptive algorithmic solutions. By doing this,
SYMPHONIA makes a strong starting point for more study and for growing technology that can understand
feelings better in the future.

2 Related Works

Integrating information from various sources, such as video recordings that capture both speech
patterns and facial expressions, greatly enhances emotion recognition models. This integration allows
such systems to gain a deeper understanding of human emotions, contributing to the growing interest
in this field [17]. However, traditional approaches that rely on a single modality, such as visual [18] or
linguistic features, often struggle with reliability and generalization, particularly in noisy or uncertain
environments [19,20]. These limitations have shifted research toward multimodal approaches, which offer
a more accurate and contextually nuanced interpretation of emotions [21]. Facial expression recognition
has traditionally been carried out using Convolutional Neural Networks (CNNs), which extract spatial
features from static images or video sequences [22,23]. More recent studies, however, have shown that Vision
Transformers (ViTs) [24] are significantly more effective. ViTs employ self-attention mechanisms to capture
long-range relationships across different regions of the face [25]. Focusing attention on key landmarks that
represent emotional expressions has also been shown to improve performance [26], allowing models to
concentrate on critical areas such as the mouth, eyes, and eyebrows [27] for more precise emotional analysis.
The growth of textual emotion recognition systems has paralleled the development of natural language
processing, especially with the introduction of pre-trained transformer models like BERT and RoBERTa [28].
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Barnet and his colleagues attest to the fact that these models provide rich contextual embeddings able
to capture subtle semantic and syntactic relationships important for emotion classification tasks [29,30]. In
spite of this, these models do not inter-relate the tokens flexibly nor adequately. This especially is important
for understanding more complex emotional semantics in language. In response to these problems, higher
order token interactions have been modeled by Graph Attention Networks (GATs) which use graph-based
techniques and improve the explainability as well as the discrimination power of textual emotions [31]. MER,
as with many other tasks, faces challenges with multimodal fusion even after the individual modalities have
been sufficiently advanced [32]. As with many other tasks, MER faces challenges with multi-modal fusion
even after the individual modalities have been sufficiently advanced. Strategies such as early fusion (feature-
level concatenation) and late fusion (decision-level aggregation) often overlook the relational hierarchies
and the intricate interdependencies of the modalities and their relative importance across different scenarios
portraying emotions [33]. The problem of incorporating modality interactions has been addressed by TEN
(tensor-based fusion networks) [34] and memory fusion networks (MEN) [35]. These approaches however
still suffer from static representation bottlenecks and inefficient computations [36,37].

To address these issues, we introduce the SYMPHONIA framework (Facial-Textual Emotion Recogni-
tion), which incorporates the face and text modalities using: (i) dual branch dynamic attention mechanism
with bidirectional context-aware modulation and (ii) hierarchical adaptive fusion based on contrastive self-
supervised learning. As with all approaches, SYMPHONIA differs by emphasizing dynamically the most
contextually relevant emotional interactions as intermodal contextual engagement and representation align-
ment at multiple semantics. All of these developments raise the bar for emotion recognition performance
across complex systems by strengthening the model’s interpretability, flexibility, and context understanding.

3 Proposed Model

We introduce the SYMPHONIA framework to address the limitations of current multimodal emotion
recognition methods, such as their rigid fusion strategies and lack of context-aware adaptation. This
innovative architecture provides a more flexible and responsive approach by dynamically and hierarchically
merging textual and facial emotional information. Consequently, the final emotional embedding turns into
a strong and evocative representation of the textual modality. The adaptive multimodal fusion process that
follows is improved by the insightful information this description offers.

The SYMPHONIA architecture comprises several vital components that function synergistically to
extract, align, and integrate features on a modality level, thus providing robust, transparent, and contextually
intelligent emotion recognition. More specifically, SYMPHONIA consists of: (i) Facial Emotion Branch that
captures expressive visual dynamics through Vision Transformers with landmark-guided temporal attention
and LSTM temporal modeling; (ii) Textual Emotion Branch using RoBERTa embeddings with temporal
semantic interactions modeled by GAT to a temporal semantic graph; (iii) a bidirectional dynamic atten-
tion mechanism for context-sensitive modulation between modalities (Dual-Branch Dynamic Attention
Mechanism); and (iv) a Hierarchical Adaptive Fusion Module that integrates multimodal features on several
semantic levels with adaptive gating through contrastive self-supervised learning. Emotional categories are
predicted based on the fused representation by the classification layer built on top of a transformer backbone.
The subsequent subsections systematically describe each component of the SYMPHONIA framework,
outlining the design rationale, architectural structure, and functional role within the complete emotion
recognition pipeline (Fig. 1).
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Figure 1: Overview of the SYMPHONIA framework. The architecture comprises two modality-specific branches: a
facial emotion processing stream using ViT, facial landmark-guided attention, and LSTM-based temporal modeling;
and a textual emotion branch leveraging RoBERTa embeddings enriched through a GAT. These branches are dynami-
cally integrated via a Dual-Branch Dynamic Attention Mechanism and further aligned through a Hierarchical Adaptive
Fusion Module operating at low, mid, and high semantic levels. The final output yields a precise emotion prediction,
illustrated here with the classification result “Surprise: 96%”.

3.1 Facial Emotion Branch

The main aim of the facial emotion branch is to capture expressive and discriminative facial features as
well as model their temporal changes over time in order to interpret emotions accurately from visual data. We
utilize a ViT for deep face feature extraction because of the impressive long-distance dependency capturing
within regions of a face. ViT works by dividing the input face image into patches of a given size, embedding
each patch, and then attending to them relation-wise with self-attention. As illustrated in Fig. 2, the attention
weight matrix generated by a Vision Transformer head highlights how different facial patches attend to one
another, thereby emphasizing salient regions that contribute most significantly to emotion inference. This
attention-driven mechanism enhances the model’s ability to capture subtle facial dynamics and contextual

inter-patch relationships.

REXWxC ywhere H, W, C represent height, width, and channels, respectively,

An input face image I €
AN
partitioned into a sequence of N non-overlapping patches {I},}i=1 where each patch is of size P x P x

C:N = P;—ZV. Each patch I;, is flattened and linearly projected into a D-dimensional embedding vector e;:
e; = LinearProj (I;) ,e; € RP 1)

The ViT further prepends a learnable class embedding e, to the sequence of patch embeddings and

* o to retain positional information:

adds positional embeddings ey,

Zy = [ecisser3€;. .5 en] + €pos (2)

The Transformer encoder consists of multiple stacked layers comprising multi-head self-attention
(MHSA) and multi-layer perceptron (MLP) blocks, calculated as follows:

Z;=MHSA (LN (Z,.))) + Z1, (3)
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Z; = MLP (LN (Z))) + Z, (4)

here, Z; is the output of layer I, LN represents layer normalization, and I = 1,..., L with L being the total
Transformer layers. For highlighting pivotal emotional zones, we utilize Facial Landmark Attention (FLA).

Query Tokens

[CLS] P1 P2 P3 P4 P5
Key Tokens

Figure 2: Attention weight matrix from vision transformer head in the facial emotion branch.

Utilizing facial landmark coordinates retrieved from a landmark detection model, we create attention
masks which highlight landmarks located on the expression bearing regions which include eyes, eyebrows,
and mouth:

HxW
Alandmark =0 (COl’lV (L)) rAlandmark € [03 1] (5)

where L represents a binary landmark heatmap, Conv is a convolutional operation, and ¢ denotes the sigmoid
activation function. The landmark attention mask is applied to each embedding vector e;:

ell. =¢; 0O Pooling (Alandmark) “

This mechanism further enhances and reinforces the activation of emotionally expressive facial regions.
To model temporal dependencies within facial embeddings over time, we employ an LSTM network.
Considering the facial embedding sequence obtained from ViT for each frame t:
E/ =[el, el eh...,eN], E e RN*D*D (7)
We utilize the class embedding el,  as it effectively summarizes global emotional context:
x; = e’ ,x; € RP. LSTM processes this sequence temporally. Given an input sequence X = [x;, X2, ..., X7,

cls?

the LSTM computes hidden states recursively as:

ft =0 (Wf X [ht_l,Xt] + bf) (8)
ir =0 (W;x [h_1,x¢] + b;) )
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0y =0 (W, x [h_1,x:] + bo) (10)
C, = tanh (W, x [hy_1,x,] + b.) (11)
Ct = ft © thl + it @ Ct (12)
ht =0 0@ tanh (Ct) (13)

where f;,i;, 0, are forget, input, and output gates, respectively. C; represents the cell state at time step
t, and h; is the hidden state. Wy, Wi, W,, W,, and by, b;, b,, b, are learnable parameters, o represents
sigmoid activation. The facial emotion branch generates temporally-aware and expression-focused embed-
dings through the integration of ViT feature extraction, landmark-based attention, and LSTM temporal
modeling. These embeddings are then applied within the subsequent fusion and emotion classification of
the SYMPHONIA model.

Fig. 3 displays the changes in emotion activation scores over time and across sequential facial frames
as processed by the LSTM module within the Facial Emotion Branch. Every point reflects the internal
estimation of an emotion by the model at a given time step. The LSTM’s ability to model even the most minute
changes over time is important for distinguishing dynamic from static emotion recognition.

15
1.0p

0.5¢

Emotion Activation

0.0

—-0.51

0 5 10 15 20 25 30
Frame Index

Figure 3: Temporal emotion activation curve from the facial LSTM module.

3.2 Textual Emotion Branch

The textual emotion branch is designed to extract semantically meaningful and context-aware embed-
dings that capture the subtle emotional nuances present in textual input. By leveraging advanced language
modeling and graph-based relational learning, the framework achieves deep semantic understanding and
explicitly models emotional dependencies among textual tokens. Textual modality embeddings are generated
using RoBERTa, a Transformer-based encoder pretrained on large-scale corpora and widely recognized for
its strong contextual representation capabilities. Given an input sentence S consisting of words (tokens)
Wi, Wa, ..., Wy, where M is the total number of tokens, RoBERTa produces a sequence of contextual
embeddings as:

EROBERTa _ RoBERTa ([wy, wa, ..., wy]), EROBERTE ¢ RMxDiect (14)

here, Dy, represents the dimensionality of RoOBERTa embeddings. Each word embedding eRoBERTa captures

semantic meaning and contextual nuances of the corresponding token w). To explicitly model relational
and semantic interactions between words and enhance emotion-focused contextual representation, we
introduce a TSG based on GAT. TSG effectively captures word-to-word emotional dependencies, enhancing
the understanding of emotional nuances in textual sequences. The semantic graph G = (v, €) is constructed
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from the tokens of sentence S, where nodes V = (v;,v,,...,v)y) correspond to token embeddings from
RoBERTa, and edges € C v x v represent pairwise semantic interactions between tokens.

We define edge features between two nodes (words) as the scaled dot-product similarity between their
corresponding RoOBERTa embeddings, representing the degree of semantic relationship:

(qulRoBERTa) » (WkefoBERTu)

vy

a;j = sortmax (15)

where W;, Wy represent the parameter matrices that learn the embeddings and transform them into query
and key vectors, respectively. dy refers to the dimensionality of the transformed embeddings. «;; denotes
attention weight representing semantic connectivity from node i to node j.

The heatmap in Fig. 4 visualizes the attention weights calculated by the self-attention mechanism of
RoBERTS, or by the TSG using a GAT, over a sample sentence. Each cell contains the attention strength from
a query token (row) to a key token (column), thus showing which relationships among words the model
focuses on while reasoning about emotions. Cumulatively, attention allocation for emotionally salient words
like “happy” is higher, influencing the resultant emotion embedding.

0.30

0.25
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wn =
C ©
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o
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<
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©
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Figure 4: Token-level attention heatmap in the textual emotion branch.

We employ a multi-head Graph Attention Network to aggregate information from neighbor nodes,
enhancing each token’s embedding with its contextual semantic information. The GAT aggregation rule for
updating node features is formulated as follows:

K k y47k ,RoBERT,
ez{=’|k=10(2 a;;We”’ a) (16)
jEN,‘
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where e denotes the updated embedding for token i, concatenated (||) from K attention heads. N; represents
neighboring nodes (tokens) connected to node i. ocf.‘j denotes attention weights computed by head k. W are
learnable parameters (value matrices) for attention head k. o denotes a non-linear activation function.

Fig. 5 presents the semantic graph illustrating the emotional states and contextual relationships asso-
ciated with tokens in a sample sentence, as processed by the Textual Emotion Branch using a GAT. Each
token is a node, and directed edges represent learned semantic relations endowed with weights of attention
scores. Emotionally important words like “happy” can be extracted by the model through information
aggregation from associated tokens with the help of contextual information. Thus, the representation of
emotion is improved over the representation of words with the graph and context. For stability and efficiency,
we typically average multi-head results:

1 K
17 k k _RoBERT.
e; :O'(EZ Z ai; W, ejo “) (17)

k=1 jeN;

Figure 5: Semantic graph of token interactions from the TTSG.

To capture the entire sentence embedding, we utilize a weighted average pooling of the updated node

embeddings e;”. The graph attention mechanism pools express emotional salience with greater weight to
certain words:
e}i’;;, = Zf\il Bie}’, where B; = softmax (Wge + by) (18)
where e}ei’; ! | € RPrinal represents the final emotional embedding of text, where f3; are the learned emotional
significance weights for each token embedding. Wj and by are learnable parameters. This emotional
embedding integrates both the semantic and the relational emotional information contained in the textual
modality. In this branch, RoBERTa performs the extraction of token embeddings deeply and contextually.
These token embeddings are enriched by our TSG, which captures semantic emotional relationships between
tokens through graph attention. Therefore, the final emotional embedding serves as a detailed and strong
representation of the textual modality. This description offers valuable insights, improving the subsequent
adaptive multimodal fusion process.

3.3 Dual-Branch Dynamic Attention Mechanism

The primary characteristic of SYMPHONIA is its Dual-Branch Dynamic Attention Mechanism, which
effectively combines facial and textual emotional signals. Unlike traditional static or one-way attention
systems, this method employs a bidirectional model in which the two modalities interact with each other.
This enables the model to detect subtle emotional nuances by allowing each modality to dynamically
influence the interpretation of the other. Traditional cross-modal attention methods frequently employ



Comput Mater Contin. 2026;88(1):74 9

fixed attention weights, which fail to account for the changing relevance of modalities in various emotional
contexts. In contrast, SYMPHONIA's dynamic system uses facial features to guide text interpretation,
emphasising emotional words that correspond to facial expressions. In a similar vein, textual characteristics
impact facial image analysis, emphasising expressive facial cues that align with the text’s emotional tone.
A deeper, more nuanced understanding of emotions across various inputs is provided by this dynamic
interaction between the two modalities, which also improves the model’s adaptability.

The facial modality embedding hy € RP/e serves as a context vector to modulate textual embed-
dings E;, ., = [e1 ,ey, ... el ] € RM*Puxt The attention scores between facial embedding hr and textual
embeddings e}’ are computed by:

= yanh (W(l)e" + W(z)hT + bft) (19)

ft_ exp( }f {t)
" hexp (ujf)

where W;tl), W;tz) € RPa*Diext D x D face and by, € RP= all of which represent learnable model parameters.

us, € RPe presents as a learnable vector responsible for transforming embeddings to attention scores. Atten-

(20)

tion weights from facial-to-textual modality is denoted as y{ . The facial-conditioned textual embedding c it
is computed as a weighted sum of textual embeddings:

M
cre= yl'el cpe R (21)
i=1
text

Similarly, the textual embedding e, € RPeext s utilized to dynamically guide the attention across

facial embeddings H = [hy, h, ..., hr] € RT*Pree. After obtaining dynamically attended cross-modal
embeddings c; (facial-conditioned textual embedding) and ¢, (textual-conditioned facial embedding), we
perform a dynamic integration step. The integration adaptively merges both modality embeddings using a
learned gating mechanism, ensuring balanced contributions based on context:

8 fusion = U(Wg [Cft; th] + bg) > 8 fusion € [O’ I]Dfumn (22)

The final integrated embedding fy,sio, is then computed as:
2
ffusion = Zfusion o (Wf(l)cft) + (1 _gfusion) o (Wf( )th) (23)

where W, W;l), Wf(z) and bg are learnable parameters. ¢ denotes sigmoid activation, providing dynamic

control over each modality’s influence. The resulting fy,ion € R”/*i" represents the integrated multimodal
emotional embedding, fully capturing the dynamic, bidirectional cross-modal interactions and emotional
contexts between facial and textual modalities. By enabling both textual and facial embeddings to dynam-
ically adapt and mutually inform one another, the Dual-Branch Dynamic Attention Mechanism greatly
improves emotional recognition by capturing complex cross-modal emotional relationships.

In the SYMPHONIA framework, the adaptively merged embedding, ffsion, offers a strong basis for
later hierarchical fusion and emotion classification.
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3.4 Hierarchical Adaptive Fusion Module

The main purpose of hope is to admit the possibility of a better future happening in the real world.
This module cleverly interweaves human facial and textual data—at various levels—constructing prior
comprehension toward emotional states. This multimodal fusion strategy patterns adaptive gating and self-
supervised contrastive learning on aligned multimodal representations. Instead of forcing a snapshot collapse
at some stage of fusion into a singular unified space, the fusion paradigm is staged to start from the early
combination of modality-specific features, which capture primary emotional cues. At the intermediate
stage, the model enforces semantic alignment across modalities with contrastive alignment, coherently
clustering corresponding emotional representations while repelling unrelated ones. Attainment of the
highest abstraction stage defines the use of attention-based adaptive gating to dynamically highlight the most
critical components from each fusion stage. The module synthesizes a richly encoded and deeply hierarchical
contextualized emotional embedding with robust alignment and high sensitivity, ensuring interpretability
and structural coherence. In this stage, initial modality embeddings—facial hr and textual e}e’.’;;l are
combined. An adaptive gating mechanism integrates modality-specific features, preserving complementary
emotional cues:

Frow = Glow © (Wl(l)hT) + (1= giow) ® (W,(z)e}i.;;;l) (24)
where the gating factor g;,,, is computed as:

low =0 (ngow [hT§ e}i’f,;l] + béow) > &8low € [0>1]D10W (25)

ng"w, Wl(l), Wl(z) , bé”w are learnable parameters. o represents sigmoid activation, ensuring adap-
tive gating. The low-level fused representation flow captures initial cross-modal interactions at a coarse
semantic level.

The adaptive gating mechanism dynamically assigns weights to features derived from low-, mid-, and
high-level fusion stages, with the high-level fusion contributing the most significantly, as illustrated in Fig. 6.

To enhance cross-modal semantic alignment, we propose a self-supervised contrastive learning-based
fusion at the intermediate stage. The contrastive objective ensures that corresponding modality embeddings
are closer in the joint embedding space, while mismatched modality pairs remain farther apart. We apply a
contrastive 10ss (L¢ontrastive) inspired by InfoNCE loss formulation to align these representations:

exp (_Sim(‘?’ ciy) )

; (n)
N szm(cft, Cif )
Zn:l exp( T :

Lcontmstive = —10g (26)

where sim (u,v) = WTHVV” denotes cosine similarity. 7 is a temperature hyperparameter that scales the
similarity. N represents the number of negative samples (Dualgatsligned embeddings). By minimizing this
loss, the mid-level fusion learns modality embeddings with strong semantic correspondence, ensuring cross-
modal representational consistency Fig. 3. The mid-level fused embedding f,,;4 is then obtained by averaging
aligned embeddings, reflecting enhanced semantic coherence:

fmia :%(Cft"‘ctf) (27)

We combine the previously obtained low-level f;,,, mid-level f,;s, and dynamically integrated
embedding f,i,, into a unified high-level emotional embedding using attention-based adaptive gating.
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Figure 6: Contribution of each hierarchical fusion stage to final emotion prediction.

1

Fig. 7 demonstrates the cosine similarity between the token embeddings computed by RoBERTa (left)
and those enhanced by GAT (right). The numbers show how semantically close each pair of tokens is.
After the application of GAT, tokens that are semantically related, like “feel” and “happy”, show greater
similarity, suggesting proper alignment of words on emotions relevant to the model. Such shifts improve
the model representation of text. Finally, we combine the previously obtained low-level f;,,, mid-level
fmia> and dynamically integrated embedding fs,i,, into a unified high-level emotional embedding using
attention-based adaptive gating. We first stack the embeddings into a single set:

F= [flowrfmid)ffusion] ’F € R3XDfu$ia"

Before GAT (RoBERTa Cosine Similarity)

0.74 0.78

T- o7 0.76 0.73 0.65 0.78
2
>
©
c 8
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&- o7 0.73
©
=
>
S- 078 0.65
]
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|

0.72

feel

0.73 0.75 0.66 0.75

0.75

0.62 0.69 0.65
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Figure 7: Cosine similarity matrices of token embeddings before and after GAT.

We then compute attention-based gating weights:

a =softmax (Watanh (WFFT + bp) + ba) ,aeR’

W,, WE, b,, br are learnable parameters.

(28)
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0.90
0.85
0.80
-0.75
-0.70

-0.65

(29)
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After alignment, the embeddings from both modalities become semantically closer, demonstrating the
effectiveness of the self-supervised contrastive learning framework in improving cross-modal representation
coherence, as illustrated in Fig. 8. The final fused representation fj,;, is a weighted sum of these embeddings,
adaptively emphasizing the most emotionally relevant features from each fusion stage:

3
— Dusion
fhigh =, aiFi, fnign € R”! (30)
i=1
Before Contrastive Alignment After Contrastive Alignment
Facial (Pre) X X % % < Facial (Post)
Textual (Pre) i ) % Textual (Post)
4 : 4
X
2 X
2 X
x x X
x * *
0 X x X o
X
X
0
-2 x o
x X
X N X x
-4 -2 ’ x « X o
x
-6
-4 x
-100 =75 -5.0 -2.5 0.0 2.5 5.0 7.5 -4 -2 0 2 4 6 8

Figure 8: Visualization of facial and textual embeddings before and after contrastive alignment using t-SNE.

The described adaptive weighting structure enables each emotional layer to dynamically adjust its
contribution based upon context so that each layer functions optimally during integration. The complete
hierarchical adaptive fusion module is trained jointly under a single optimization criterion using cross-modal
alignment (contrastive loss) in conjunction with a standard supervised classification loss, resulting in the
following combined loss function:

qusion =L (fhigh’y) + ALcontrastive (31)

where y denotes ground-truth emotion labels. L., is typically implemented using cross-entropy or focal loss.
A is a hyperparameter balancing supervised classification and self-supervised contrastive learning objectives.
The Hierarchical Adaptive Fusion Module successively merges the various modality embeddings, which are
at different abstraction levels namely, low, mid, and high, thus creating a strong and semantically consistent
multimodal emotional embedding f},;,4. The collaboration of adaptive gating and self-supervised contrastive
learning guarantees the smooth integration and proper alignment of emotional signals from the face and the
text. This mix increases the ability of the model to interpret emotions better and thus tends to robustness.

3.5 Final Classification Layer

The last step in the SYMPHONIA Framework involves the classification of the detailed multimodal
embedding created through hierarchical adaptive fusion into specific emotion categories. The Final Classifi-
cation Layer is designed as a Transformer-based module that can effectively leverage contextual embeddings
to interpret complex multimodal emotional representations. Given the final multimodal embedding fj;,s €
RPrusion we apply a Transformer encoder to further model the internal contextual dependencies, capturing
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subtle emotional contexts that may span across different embedded dimensions. To apply the Transformer-
based classification module, we first expand the embedding fj,;,; into a sequence of vectors. We define a
linear projection of the embedding into a sequence of L tokens, each with dimension d,,o4.;:

Fieq = [fis for-- > f1]5 fi € Rbmodel -
with each token embedding f; defined as:

fi = W™ fuign + 07" i € {1,2,.., 1} (33)

WP € RAmoderDyusion pPT®] ¢ Rdmodet gre learnable parameters. Positional embeddings ey, are added to
each token to preserve ordering information:

Fs,eq: [ﬁ+e‘l()1))s’f2+eéf})s""’fL"'e;%Z] (34)

We feed this sequence into a Transformer Encoder block comprising Multi-Head Self-Attention
(MHSA) and feed-forward neural networks (FFN):

Z = TEncoder (Fs'eq) ,Z € REXdmode (35)

The Multi-Head Self-Attention module captures the contextual relationships across the different
components of the multimodal embedding sequence. Given input X, self-attention operates as:

Att (Q,K, V) ft (QKT) \% (36)
K, V) =softmax| —==
Vdy
where Q = XWg, K = XWkg, V = XWy, with learnable parameters W, W, Wy. dj is the dimensionality of
key vectors. Multi-head attention further divides attention operations into h parallel heads, allowing par-
allel computation and diverse representation learning: MHSA (X) = Concat (head,, ..., head,) W°. Each
head is computed as follows: head; = Att (XWq,, XWkg,, XWy,). Following the Transformer Encoder, we
aggregate the output representations Z via mean pooling, summarizing emotional features comprehensively:

1 L
Z’final = Z Z Zi, Z’finul € RdedEI (37)
i=1

The pooled representation Z¢;,,; undergoes a linear transformation and softmax activation to predict
emotion class probabilities:

j/zsoftmax(WCZfinaz+bc),j/eRC (38)

where W, € RC*4modet and b, € RC denote the learnable parameters of the classifier. C denotes the total
number of emotion categories available. The predicted class is retrieved via the argmax operation:

max A . . . . . . :
Vpred = arg [1,C] (9¢)- The classification module is trained using a supervised cross-entropy loss, opti-
mizing model parameters to minimize discrepancy between predicted and true emotion labels: L =
-3¢, yclog (§.). where y. denotes the ground truth emotion label in one-hot format. . denotes predicted
emotion class probability from softmax.

The heatmap in Fig. 9 visualizes the attention scores computed over the projected token embeddings
within the Transformer encoder of the final classification layer. Certain tokens like [CLS], facial embeddings
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(F1, F2), textual embeddings (T1, T2), and even the [EOS] token are influenced differently. The model can
contextually refine the unified representation through the attention mechanism with regard to the most
emotionally predictive tokens before the finalized prediction of emotions.

[CLS]
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Figure 9: Transformer attention map within the final classification layer.

Combining with the previous fusion module losses, the overall training objective for the SYMPHONIA
model is defined as: L = Ljs + AL ontrastive With hyperparameter A balancing classification and contrastive
alignment objectives. The last classification layer effectively performs the Transformer-based context model-
ing, drawing on complex cross-modal relationships captured by hierarchical adaptive fusion. Furthermore,
by incorporating the usage of self-attention and robust pooling, the module for classification interprets
multimodal emotional data accurately, guaranteeing the precision and reliability of emotion predictions.

4 Experimental Results

To systematically assess the impact of our proposed SYMPHONIA framework, we set out to method-
ically construct AWD-OMNIBUS and REPS-MSR, which, combined, offered the most comprehensive
coverage of well-known multimodal datasets for emotion recognition alongside benchmark methods and
evaluation protocols spanning all relevant implementation dimensions.

4.1 Datasets

To validate the accuracy and applicability of our proposed multimodal emotion recognition system,
we performed a systematic evaluation on four publicly available benchmark datasets, IEMOCAP, MELD,
CMU-MOSI, and CMU-MOSEI We ensured that the datasets IEMOCAP and MELD, along with CMU-
MOSI and CMU-MOSE, provided all relevant graphemic and phonemic systems, speaker heterogeneity,
emotions within linguistics, and real-world complexities to make the results of the evaluation reliable and
holistic Table 1.
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Table 1: Dataset description.

Dataset Modalities Description Emotions/Annotations Samples
Video (face), I.nteractive emotional Angry, Happy‘, Sad, .
IEMOCAP . dialogues performed by Neutral, Excited, ~12 h, 5 sessions
Audio, Text
actors Frustrated
Video (face), Clips from tl.le ‘Friends’ Anger, Disgust, Fear, Joy, 13,708
MELD . TV show with natural Neutral, Sadness, utterances, 1433
Audio, Text . . . . .
emotional interactions Surprise dialogues
CMU- Video (face), Opiniqn monologl'les with Senti@ent Intensity 2199 opinion
, continuous sentiment (Likert Scale), segments from
MOSI Audio, Text . . . . .
intensity Positive/Negative 93 videos

Anger, Disgust, Fear,

Extended i f MOSI ~23,500
CMU- Video (face), }\(/vel:‘gl SiV:sr?:ITl(())tional Happiness, Sadness, annotated
MOSEI Audio, Text ] Surprise, Sentiment
annotations utterances

Scores

The IEMOCAP dataset comprises approximately 12 h of richly annotated, audio-visual recordings of
dyadic emotionally-charged dialogues performed by trained actors. It contains tri-modal video, audio, and
text data, and is labeled with coarse-grained emotion categories including anger, happiness, sadness, neutral,
excitement, and frustration. The MELD dataset is an extension of the FRIENDS television series corpus, so
it contains a very large collection of naturalistic, spontaneous, multi-party conversations. It consists of more
than 13,000 utterances in more than 1400 dialogues and has annotations of 7 emotions: anger, disgust, fear,
joy, neutral, sadness, and surprise in video, audio, and text streams.

The CMU-MOSI dataset centers around the monologue video segments that have opinions, and it gives
detailed layers of sentiment intensity alongside face and voice multimodal data. It contains 93 video clips from
which 2199 opinion segments have been extracted. CMU-MOSEI augments MOSI by adding a collection
of over 23,000 annotated utterances with diverse emotions such as anger, disgust, fear, happiness, sadness,
and surprise alongside continuous sentiment scores and discrete values for each emotion. As with the other
datasets, CMU-MOSEI preserves synchronized input from the facial video to the audio and text transcripts.
The datasets serve as a solid benchmark for testing the model with regard to controlled and spontaneous
interaction, layered and unlayered emotion, and a diverse range of human behavior.

4.2 Evaluation Metrics

To thoroughly assess our model performance, we employed standard evaluation metrics commonly
used for multimodal emotion recognition:

TP+ TN

Accuracy = (39)

TP+FP+FN+TN
.. TP

Precision = ———— (40)
TP+ FP
TP

Recall = ———— (41)

TP+ FN
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Precision x Recall
Fl=2x - (42)
Precision + Recall

Additionally, for sentiment intensity and continuous emotional dimensions (CMU-MOSI/CMU-
MOSEI):

1 N

MAE = = Y1y =il (43)
i=1

Zf\il (}’z‘ —7) (}A’i —;)

N —\2<N [~ T7\2 .
\/Ei=1()’i‘)’) Yis (5i-9)

PearsonCorrelation =

4.3 Results

This section provides complete experimental findings capturing the application of our SYMPHONIA
model in various datasets and evaluation frameworks. We include evaluation metrics of quantitative analysis
against baseline models and ablation tests, generalization analysis across datasets, as well as some model
interpretability evaluations. To demonstrate the comparative effectiveness of our model, we selected several
state-of-the-art (SOTA) multimodal emotion recognition baseline methods for comparison in Table 2.

Table 2: Model’s name and descriptions.

Baseline Method Description
TFEN (Tensor Fusion Network) [34] Tensor-based fusion method.
MEN (Memory Fusion Network) [35] Fusion using memory mechanisms.
Dualgats [32] Uses invariant/specific features.
EmoCLIP [37] CLIP-based zero-shot multimodal method.
MSER [38] Cross-attention-based multimodal model.
EmoBERTa [16] RoBERTa-based multimodal transformer.

Table 3 presents the summary statistics for class-based emotions and classification metrics (Accuracy,
Precision, Recall, Fl-score) for the IEMOCAP and MELD datasets. The results show that SYMPHONIA
performed better than other methods in all the evaluation criteria.

Table 3: Emotion recognition performance (IEMOCAP & MELD).

Model Dataset Accuracy (%) Precision (%) Recall (%) F1-Score (%)

TFN [34] IEMOCAP 72.4 71.2 70.8 71.0
MEFN [35] IEMOCAP 73.1 72.5 71.8 72.2
Dualgats [32] IEMOCAP 74.8 74.2 73.5 73.9
EmoCLIP [37] IEMOCAP 75.3 74.5 74.0 74.2
SYMPHONIA (ours) IEMOCAP 80.9 80.3 79.8 80.1
TFN [34] MELD 64.2 63.8 63.4 63.6
MEFN [35] MELD 65.7 65.3 65.1 65.2
Dualgats [32] MELD 674 67.0 66.7 66.8
EmoCLIP [37] MELD 68.9 68.2 67.8 68.0

SYMPHONIA (ours) MELD 74.2 73.7 73.4 73.5
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Table 4 shows sentiment intensity prediction results for the CMU-MOSI and CMU-MOSEI datasets
using Pearson correlation (Corr) and Mean Absolute Error (MAE).

Table 4: Sentiment intensity prediction (CMU-MOSI & CMU-MOSEI).

Model Dataset Corr 1 MAE|

TFN [34] MOSI 0.75 0.98
MEN [35] MOSI 0.77 0.92
Dualgats [32] MOSI 0.79 0.88
EmoCLIP [37] MOSI 0.80 0.85
SYMPHONIA (ours) MOSI 0.86 0.77
TFN [34] MOSEI 0.72 0.91
MEFN [35] MOSEI 0.74 0.86
Dualgats [32] MOSEI 0.76 0.84
EmoCLIP [37] MOSEI 0.78 0.82
SYMPHONIA (ours) MOSEI 0.83 0.74

The outcomes of this study show that SYMPHONIA performs better than other models at capturing
nuanced emotional and sentiment representations and improves quantitative metrics across a wide range of
emotional tasks. We performed thorough ablation studies to assess how particular features contribute to the
model’s overall performance (Table 5).

Table 5: Ablation study on IEMOCAP.

Ablation Condition Accuracy (%) F1-Score (%)
Facial Branch Only 671 66.8
Textual Branch Only 69.5 69.1
Without Dynamic Attention 74.3 74.0
Without Hierarchical Fusion 75.6 75.3
Full SYMPHONIA Model 80.9 80.1

The results demonstrate the combined and separate contributions to facial and textual elements, as
dynamic attention and hierarchical fusion improve performance significantly (Fig. 10).

Omission of these components yields less effectiveness, thereby demonstrating their importance. To
evaluate generalization ability, we trained SYMPHONIA on IEMOCAP and tested it on MELD in a direct
transfer scenario, without any additional tuning (Table 6).
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Figure 10: Ablation study visualization based on IEMOCAP dataset results.

Table 6: Cross-dataset generalization (Trained in IEMOCAP and tested on MELD).

Method Accuracy (%) F1-Score (%)
TFN [34] 50.8 50.3
MFN [35] 52.6 51.8
Dualgats [32] 55.1 54.4
EmoCLIP [37] 58.4 576
SYMPHONIA (ours) 66.9 65.8

Our results demonstrate the remarkable general performance of SYMPHONIA, especially on cross-
dataset and cross-modal transfer tasks, in which it outperforms all baseline models consistently. A further
qualitative study clearly shows how dynamic cross-modal attention resolves modality conflicts by paying
attention to the most reliable emotional cues, which brings about performance improvement. Take for
instance the text “I'm fine, everything’s good”—which expresses a positive emotional tone—combined with
subtle facial sadness as shown in Fig. 11.

While unimodal approaches using text let “happiness” slip through, SYMPHONIA, through facial-
conditioned textual attention, identifies the true emotion as “sadness” On the contrary, another example
features the phrase “That’s amazing!” and a facial expression that is neutral or inconsistent. SYMPHONIA
here adaptively attends to the verbal modality, classifying the facial expression as “surprise” or “happiness”,
which static mechanisms fail due to facial ambiguity. This demonstrates how dynamic attention of SYMPHO-
NIA not only improves accuracy for target predictions but also extends fine-grained analysis for explaining
the decisions made via contextually informative modalities using context-sensitive reasoning.
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~ ~
Why do all you are coffee mugs No wait, look. Look! I'm sorry, Oh wait, Joey, you can not  Everything's ruined. N\
have numbers on the bottom? it's just I've never even go like that! You stink! My bed. My clothes. \

Surprise: 96% Fear: 87% Disgust: 92% Sadness: 99%

. . Okay, fine, whatever. Well, that makes me )
Come on, Lydia, you can do it. Welcome to the building. feel so good. Yes, they can stay with us.

-

— —— — — — — — — — — — —
—— — — — — — — — — — —

\ Neutral: 91% Anger: 93% Y

Figure 11: The SYMPHONIA model produces highly accurate predictions on multimodal input samples, effectively
identifying a wide range of emotional expressions. These include Surprise (96%), Fear (87%), Disgust (92%), Sadness
(99%), Neutral (91%, 94%), Anger (93%), and Joy (89%). These findings point to the model’s effectiveness in capturing
a wide range of emotional conditions for different subjects under various situations. The results further accentuate the
capability of SYMPHONIA in distinguishing subtle facial expressions and closely matching them with textual cues via
its dynamic attention mechanism and hierarchical fusion approach.

5 Conclusions

This paper proposes SYMPHONIA, a new model that effectively recognizes and integrates emotional
signals from facial expressions and text. Instead of relying on a static approach, the signals are processed
dynamically with the use of a dual-branch dynamic attention mechanism and adaptive hierarchical fusion.
Extensive experiments were conducted to evaluate the performance of the model on IEMOCAP, MELD,
CMU-MOSI, and CMU-MOSEI datasets, which were benchmarked against the state-of-the-art methods
for multimodal emotion recognition. Experimental results manifest the proposed model outperforming
current models and yielding higher accuracy while enhancing metrics such as Fl-score, sentiment intensity
correlation, and MAE. Concretely, SYMPHONIA achieved 80.9% in terms of accuracy and 80.1% in terms
of Fl-score on the IEMOCAP dataset, compared to Dualgats (74.8%) and EmoCLIP (75.3%). For the MELD
dataset, SYMPHONIA achieved an accuracy of 74.2% and an Fl-score of 73.5%, outperforming other baseline
models. In the case of sentiment prediction, it resulted in a Pearson correlation of 0.86 on MOSI and
0.83 on MOSEI, outperforming all other baseline methods. Extensive ablation studies confirm that the
model’s success is largely due to its inclusion of the cross-modal dynamic attention and adaptive hierarchical
fusion components for enhancing stability and explainability. This goes to support the hypothesis that
context-aware, adaptive multimodal fusion improves model performance.

The generalization of SYMPHONIA across datasets further underlines its robustness toward domain
shifts and variations of emotional contexts. For the IEMOCAP-trained model that was tested on MELD,
SYMPHONIA achieved 66.9% accuracy and 65.8% F1-score, outperforming all baselines such as TFN, MFN,
and Dualgats with a gap of more than 8%. Qualitative analyses further show that the model excels in the
interpretation of complex signals through dynamic focusing on the most salient emotional cues, which is
another proof of the strength of its framework.
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Building on the promising results of SYMPHONIA, future work will explore the integration of
additional modalities, such as audio and physiological signals (e.g., ECG, EEG, and GSR), to capture subtle
and complementary emotional cues, thereby enhancing contextual understanding and predictive accuracy.
Furthermore, adaptive multi-sensor fusion and space-frequency selective feature modeling strategies, as
demonstrated in AMSO-SFS [39], will be investigated to improve robustness under challenging visual
conditions. In addition, iterative refinement and scale-alignment mechanisms inspired by DI-MDE [40]
may be incorporated to strengthen temporal consistency and dynamic scene representation in multimodal
emotion recognition. Lastly, improvements in model reliability under low-resource conditions can be
achieved with the help of advanced self-supervised learning, large-scale pretraining, and transfer learning;
this will make a system robust, adaptive, and context-aware.
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