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Abstract Depression and anxiety disorders affect millions of individuals globally and are commonly addressed
through psychological interventions. A growing technological approach to support such treatments involves the
use of embodied conversational agents that employ motivational interviewing, a method that promotes behavioral
change through empathic engagement. Despite its critical role in therapeutic efficacy, empathy remains a signifi-
cant challenge for virtual agents to emulate. Emotion Recognition (ER) technologies offer a potential solution by
enabling agents to perceive and respond appropriately to users’ emotional states. Given the inherently multimodal
nature of human emotion, unimodal ER approaches often fall short in accurately interpreting affective cues. In
this work, we propose a multimodal emotion recognition model that integrates verbal and non-verbal signals (text
and video) using a Cross-Modal Attention fusion strategy. Trained and evaluated on the IEMOCAP dataset, our
approach leverages Ekman’s taxonomy of basic emotions and demonstrates superior performance over unimodal
baselines across key metrics such as accuracy and Fl-score. By prioritizing text as the main modality and dy-
namically incorporating complementary visual cues, the model proves effective in complex emotion classification
tasks. The proposed model is designed for integration into an existing conversational agent aimed at supporting
individuals experiencing emotional and psychological distress. Future work will involve embedding the model
in the conversational agent platform for emotionally distressed users, aiming to assess its real-world impact on
engagement, user experience, and perceived empathy.

Keywords: Emotion recognition in conversation, Text, Image, Deep learning, Multimodal classification, Cross-
Modal fusion.

1 Introduction

According to the World Health Organization (WHO), approximately 280 million people worldwide suffer
from depression, representing around 3.8% of the global population [13]. Anxiety disorders affect an
estimated 301 million people globally [I]. Both conditions are commonly treated with psychological
interventions [I3], [I]. Omne technological approach that complements such interventions is motivational
interviewing with embodied conversational agents [23, B]. When delivered by a virtual agent instead of
a human, this approach integrates brief interventions with motivational strategies to promote healthier
behavior change-an important factor in supporting mental and emotional health [23] 3T].

A key principle of motivational interventions is empathy, emphasized by various authors as critical
to both expressing and responding with understanding [32], [I5], B]. However, virtual agents still struggle
to exhibit empathy, despite its importance in effective psychotherapeutic interventions and emotional
support [12]. Empathy can be emulated through Emotion Recognition (ER), enabling virtual agents to
respond appropriately to the user’s emotional state.
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While facial expressions are widely used as indicators of emotion [26, 22], verbal cues also carry rich
emotional and semantic information. Therefore, combining verbal and non-verbal modalities enhances
emotional interpretation. Unimodal approaches often fall short due to the complex, multimodal nature
of human emotions [37]. In contrast, multimodal ER models integrate complementary signals, offering
greater accuracy and resilience [4].

We propose a multimodal emotion recognition model for integration into an existing embodied conver-
sational agent designed to support patients experiencing emotional and psychological distress [21I]. The
model leverages a Cross-Modal Attention fusion mechanism to integrate visual and textual cues. This
modality selection enhances usability in noisy environments where speech input may be unreliable, and
aligns with prior findings indicating users’ preference for non-audio interaction [21I]. The remainder of
this paper is organized as follows: we first review related work on unimodal and multimodal ER; we then
describe the feature extraction methods for each modality; next, we present our proposed model and
its Cross-Modal Attention-based fusion strategy. The results and discussion are presented in Section 4;
while Section 5 describes the conclusions and the future work.

2 Related Work

2.1 Image-Based Methods

Emotion recognition from images exploits the rich emotional content present in facial expressions. This
task is commonly approached using deep learning techniques, particularly convolutional neural networks
(CNNs) with pretrained models such as VGGNet and AlexNet [9] [6]. A notable example is the work by
[14], which applied a CNN to the FER2013 dataset available on Kaggle. Another approach is ussedwhen
video data is available, both spatial and temporal features can be captured. For example, [24] used
3D CNNs on the RAVDESS [19] and CREMA-D [7] datasets, while [38] combined CNNs with LSTM
networks to model temporal dynamics in image sequences.

Although these methods achieve strong performance compared to other approaches, their reliance
on unimodal datasets limits their ability to capture facial expressions in natural conversational contexts.
This poses a significant challenge for conversational virtual agents and also results in the loss of the user’s
semantic content.

2.2 Text-Based Methods

Similarly, deep learning has dominated research efforts in text-based emotion recognition [2], particularly
through the use of pretrained models such as BERT and RoBERTa. In [36], the performance of BERT
and RoBERTa models was explored for dialogue data from the IEMOCAP dataset as a means of feature
extraction. Likewise, [20] utilized BERT for feature extraction on the MELD and CMU-MOSEI datasets.
These studies also highlight the relevance of these models for multimodal architectures, where after feature
extraction, the representations are fused into multimodal models, as is also the case in [16], where BERT
was employed on the IEMOCAP dataset.

While text-based methods have advanced emotion recognition, their unimodal focus overlooks non-
verbal cues, leading to a partial understanding of affective states. Additionally the frequent omission of
Ekman’s emotion taxonomy reduces applicability in universally oriented emotional models

2.3 Fusion Data Methods

Among the most extensively studied approaches in multimodal emotion recognition are the models pro-
posed in [34], HU-Dialogue [§] and Multilogue [30]. The models demonstrates strong performance through
inter-modal fusion with high computational robustness using LSTM and GRU architectures, while the
latter utilizes GRUs for each modality combined with a pairwise cross-modal attention mechanism that
captures interactions between modality representations and conversation participants. Other state-of-the-
art models include Transmodality [33], a multimodal fusion model based on transformer architectures,
and IMAN [25], which performs fusion using an attention-based mechanism.
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Recent trends favor attention-based fusion models, such as those in [39] and [16], which use cross-
modal Transformers for fusing speech, text, and visual modalities, showing strong results on datasets
like IEMOCAP. However, these approaches also omit Ekman’s emotion set and rely on computationally
expensive Transformer-based components, making them less practical for interactive systems.

3 Proposed Method

This section outlines the methodological framework adopted in this study. In order to validate the
improvement introduced by the proposed fusion model over unimodal models, separate unimodal archi-
tectures were first developed for visual and textual data. Subsequently, the same architectural structure
and pretrained weights were employed in the development of the fusion model.

3.1 Data

The TEMOCAP [5] dataset was selected for validate our proposed method due to its widespread use in
the field of multimodal emotion recognition and its specific design for capturing emotional expressions
within conversational contexts. IEMOCAP comprises video recordings and corresponding transcriptions,
both annotated with emotional labels. This dataset includes a total of nine annotated emotions, as shown
in Table Il

The emotional taxonomy adopted in this study is based on Ekman’s model of basic emotions [I1],
which defines six universal emotional categories: anger, happiness, neutral, sadness, surprise, fear, and
disgust. These emotions were selected because they are considered representative of the most commonly
expressed affective states in human-agent interaction scenarios. To the best of our knowledge, there is
a lack of studies applying Ekman’s taxonomy directly to the IEMOCAP dataset, which motivated the
inclusion of both Ekman’s six emotions (Emotion Set 1) and the six most prevalent emotions in IEMOCAP
(anger, happiness, neutral, sadness, frustration, and excitement, which we will know as Emotion Set 2)
in our experiments. Emotion Set 1 will be used within the empathic conversational agent, and it will
not be compared with other state-of-the-art models due to the lack of existing studies using this specific
set of emotions. In contrast, Emotion Set 2 will be employed to evaluate the fusion model architecture
against other state-of-the-art approaches. Table [I] indicates which emotions are included in each of the
two groups considered in this study. This dual approach enables comparison with prior studies while
ensuring consistency across unimodal and multimodal model architectures, which were maintained as
similar as possible.

Table 1: Distribution of emotion labels in the IEMOCAP dataset.

Emotion Number of Instances Emotion Set
Frustration 1849 Emotion Set 2
Neutral 1708 Both
Anger 1103 Both
Sadness 1084 Both
Excitement 1041 Emotion Set 2
Happiness 595 Both
Surprise 107 Emotion Set 1
Fear 40 Emotion Set 1
Disgust 2 Emotion Set 1

3.2 Data Processing

This section describes the two types of data used (image and text). These channels were selected because
the agent for which this model is designed relies on textual and visual modalities to interact with users
[21]. Furthermore, during testing, users reported that they were not comfortable speaking directly to
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the agent, which can be deployed as either a mobile or desktop application. They preferred to use it
in environments where there might be significant background noise. For this reason, the agent does not
utilize the audio channel, this is the main reason of using text and visual data.

3.2.1 Image Data Processing

The video recordings in the IEMOCAP dataset were captured at a frame rate of 30 frames per second.
As a first step, individual frames were extracted at the same sampling rate and stored according to their
corresponding utterance and emotion label. In the subsequent preprocessing phase, only facial regions
were retained for analysis. To achieve this, the MTCNN face detector [35], accessed via the DeepFace
framework [29, 28], was employed. This preprocessing step aimed to eliminate background noise and
non-relevant visual information, thus enhancing the model’s capacity to learn emotionally salient facial
features.

3.2.2 Text Data Processing

The textual modality required comparatively less preprocessing, as transfer learning techniques were uti-
lized through pretrained transformer-based language models. For experiments using Ekman’s taxonomy,
the BERT-base model (Bidirectional Encoder Representations from Transformers) [10] was selected due
to its robust performance across diverse natural language processing tasks, including emotion recognition.
In contrast, for experiments aligned with the standard IEMOCAP emotion labels, the RoBERTa-base
model [18], a retrained and optimized version of BERT, was used. Both models incorporate their own to-
kenizers, which convert textual input into numerical embeddings tailored to classification tasks. The only
preprocessing applied to both unimodal models consisted of tokenization using the respective pretrained
tokenizers.
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Figure 1: Unimodal image model.

3.3 Unimodal Feature Extraction

This section explains the process employed in the model design and feature extraction process in the
unimodal models.

3.3.1 Image Feature Extraction

For both emotion sets (Emotion Set 1 and Emotion Set 2), a feature extraction approach inspired by
several state-of-the-art studies was employed. This method involves a two-stage process: first, the ex-
traction of spatial features from image vectors, followed by the modeling of their temporal dynamics.
Figure [I] illustrates the architecture used to address these two tasks. Specifically, spatial features were
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obtained using a convolutional neural network composed of three convolutional layers, each followed by
a Max Pooling operation to progressively reduce spatial dimensionality while preserving the most salient
information.

To capture the temporal evolution of facial expressions, the sequence of convolutional features is fed
into a bidirectional Long Short-Term Memory (Bi-LSTM) network. This recurrent structure models both
forward and backward dependencies, which is crucial in emotion recognition where the order and duration
of expressions convey meaningful emotional states. The resulting feature vector is projected into a latent
space via a dense layer with activation function, followed by a softmax layer to compute the probability
distribution over the emotion classes.

3.3.2 Text Feature Extraction

As discussed in previous sections, the unimodal text models were based on the pretrained BERT [10]
and RoBERTa [I8] architectures. Figure [2] illustrates the overall architecture employed for both sets
(Emotion Set 1 and 2). As shown, the processing pipeline is largely similar for both models, with the
main differences residing in the choice of pretrained model and tokenizer.
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(b) Unimodal text model Emotion Set 2.

Figure 2: Unimodal text architectures.

Notably, as depicted in Figure[2a]and 2D} the RoBERTa tokenizer does not utilize segment embeddings,
which distinguishes it from BERT’s tokenization scheme. In both cases, the output of the transformer-
based encoder is passed to a softmax classification layer, which produces the final probability distribution
over the emotion classes.
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3.4 Cross-Modal Fusion Strategy

The fusion model, as described in previous sections, integrates the two unimodal architectures (excluding
their respective dense and classification layers) and incorporates a Cross-Modal Attention mechanism.
This mechanism facilitates the interaction between modalities by enabling the model to dynamically align
and integrate complementary information from each source. The fusion architecture is composed of three
fundamental components:

e Query (Q): Represents the modality being queried or attended to; it defines the focus of the
attention mechanism.

e Key (K): Encodes the modality that provides contextual cues to guide the attention over the
query.

e Value (V): Contains the content from which information is extracted, modulated by the attention
weights.

Using these three components, the Cross-Modal Attention mechanism learns an attention weight ma-
trix (Weross-Modal) that captures relevant intermodal interactions during training to enhance classification
performance. Several experiments were conducted by varying the assignment of modalities to the Q, K,
and V components. The best-performing configuration used the text modality as the primary input
(assigned to @), while the visual modality provided contextual information (assigned to both K and V).
This configuration leveraged a multi-head attention mechanism with four attention heads.

To formally establish text as the primary modality, it was designated as the query (Q = Fix), while
the visual features were assigned as key and value (K =V = Fjng), where Fi and Fing represent the
feature tensors extracted from the text and image modalities, respectively. The overall fusion architecture
is illustrated in Figure[3] The final output of the Cross-Modal Attention mechanism is computed according
to Equation [I}

:l} = SOftmaX(WCross—Modal(-Fimg7 FtXt)) (1)

where g denotes the predicted emotion label produced by the model.

Following the Cross-Modal Attention mechanism, the resulting fused representation is concatenated
with the textual features. This combined feature vector is then flattened and passed through a dense
classification layer to generate the final output.
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Figure 3: Cross-Modal fusion architecture. The fusion module is highlighted in green.
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3.5 Training Details
3.5.1 Hyperparameters Settings

The unimodal architecture for processing image sequences consisted of three convolutional layers with 32,
64, and 128 filters, respectively. Each convolutional layer was followed by a Max Pooling operation with
a pooling size of 2, allowing progressive spatial feature reduction. To model temporal dependencies in
the sequence of facial features, a bidirectional Long Short-Term Memory (BiLSTM) layer was employed.
A dropout rate of 0.25 was applied to mitigate overfitting. The output was then passed through a dense
layer with 64 neurons. Finally, a softmax classification layer was added, with the number of neurons
corresponding to the number of emotion categories: 7 for Emotion Set 1 and 6 for Emotion Set 2.

For the text modality, the architecture was based on pretrained BERT or RoBERTa models, as
previously described. These models were directly followed by a softmax classification layer configured
with the same number of output neurons as in the image model, depending on the target emotion group.

Before applying the Cross-Modal Attention mechanism, the textual feature representations were
passed through a dense layer to match the dimensionality of the image sequence features. Both the
textual and visual features were then normalized using Batch Normalization to ensure consistency across
modalities.

The fusion was carried out using a Cross-Modal Attention mechanism, where the text modality was
designated as the query and attended to the image modality, serving as both key and value. A multi-
head attention mechanism with 4 heads was used to enhance the model’s capacity to capture intermodal
dependencies. The resulting fused features were flattened and passed through a final dense classification
layer, again adapted to each Emotion Set with 7 or 6 output units. Aditionally all models were trained
using a batch size of 8 and were trained for a total of 20 epochs.

3.5.2 Loss Function and Optimizer

The proposed model was trained using the cross-entropy loss function, which is widely adopted in multi-
class classification problems. This loss quantifies the divergence between the ground-truth class distribu-
tion y (expressed in one-hot encoding) and the predicted distribution §. Formally, it is defined as:

c
L(y,9) =— Zyi log(9:) (2)
i=1

where C' denotes the total number of classes, y; indicates the true class label (equal to 1 if the ground-
truth class corresponds to i, and 0 otherwise), and §; represents the predicted probability for class i,
obtained by Equation Model parameter optimization was carried out using the AdamW optimizer
[T7], a variant of Adam that decouples the weight decay term from the gradient-based update associated
with adaptive moment estimation. The optimizer was configured with a learning rate of # = 0.001, which
facilitated stable and efficient convergence throughout the training phase.

3.5.3 Evaluation

The model performance was assessed using two standard classification metrics: accuracy and Fl-score.
Accuracy was utilized as the primary metric to measure the overall classification performance. The
Fl-score was used to account for class imbalance by combining both precision and recall into a single
harmonic mean.

4 Results and Discussion

As discussed in Section [3:1} to the best of our knowledge, there is a lack of studies that apply Ekman’s
taxonomy directly to the IEMOCAP dataset. Therefore, we only compare Emotion Set 2 against other
state-of-the-art models. To evaluate the performance of the proposed multimodal emotion recognition
model, both quantitative metrics (Accuracy and Fl-score) and qualitative analyses through confusion
matrices were examined for both emotion sets.
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Table 2: Performance by modality for Emotion Set 1

Emotion Set 1 Emotion Set 2

Accuracy F1-Score Accuracy F1-Score

Only Visual data 0.59 0.33 0.46 0.46
Only Text data 0.67 0.59 0.54 0.53
Visual + Text (Text as the main modal) 0.74 0.63 0.60 0.59

As shown in Table [2] the model that leverages both visual and textual data—prioritizing text as the
primary modality—consistently outperforms unimodal approaches across both emotion sets. In Emotion
Set 1, the multimodal configuration achieved the highest accuracy (0.74) and F1-score (0.63), compared to
the text-only model (accuracy = 0.67, F1 = 0.59) and the visual-only model (accuracy = 0.59, F1 = 0.33).
A similar trend was observed in Emotion Set 2, albeit with lower overall performance: the multimodal
setup attained an accuracy of 0.60 and an Fl-score of 0.59, surpassing both text-only (accuracy = 0.54,
F1 = 0.53) and visual-only models (accuracy = 0.46, F1 = 0.46).

These results underscore the effectiveness of multimodal integration in emotion recognition tasks,
particularly highlighting the critical role of textual information in capturing affective cues in complex
interactions.

The confusion matrices depicted in Figure [f] provide further insight into class-wise model behavior:

e For Emotion Set 1, the model exhibits strong classification performance for emotions such as Sadness
(F1 = 0.79), Neutral (F1 = 0.71), and Angry (F1 = 0.80). Conversely, classes like Happiness and
Surprise show greater confusion with neighboring emotions, indicating challenges in distinguishing
affectively similar states.

e Emotion Set 2 presents more variability in classification accuracy, with a general decline in per-class
performance. Notably, Angry is frequently misclassified as Frustration (27 instances), suggesting
either perceptual overlap in expression or data distribution challenges. Despite this, the model still
performs reasonably well on emotions such as Sadness (F1 ~ 0.73) and Frustration (F1 =~ 0.59).
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Figure 4: Multimodal Models performance

The decrease in performance observed in Emotion Set 2 may reflect increased individual variability
in emotional expression, differing data quality, or context-specific ambiguities. Table [3| presents a com-
parative analysis between our multimodal model and other state-of-the-art approaches on Emotion Set
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Table 3: Performance of different models against our in Emotion Set 2

Model Modalities Accuracy F1-Score
Transmodality [33] Speech + Visual + Text 0.608 -
A-DMN [34] Speech + Visual + Text 0.646 0.643
IMAN [25] Speech + Visual + Text 0.650 0.645
HU-Dialogue [§] Speech + Visual + Text 0.657 0.653
Ours Visual + Text 0foo.601 0.591

2. As discussed in Section there is a lack of studies applying Ekman’s taxonomy; therefore, we limit
our comparison of results to Emotion Set 2.

While our model, which integrates only visual and textual modalities, reports slightly lower perfor-
mance (accuracy = 0.601, Fl-score = 0.591) compared to more complex models such as HU-Dialogue
(accuracy = 0.657, F1 = 0.653) and IMAN (accuracy = 0.650, F1 = 0.645), it remains competitive despite
the absence of the speech modality. This performance gap is expected, given that models like A-DMN,
IMAN, and HU-Dialogue leverage speech data in addition to visual and textual cues-offering a more com-
prehensive multimodal context. However, it is important to emphasize that the exclusion of audio in our
approach was not arbitrary. As discussed in Section[I] our model was designed to align with the capabili-
ties and constraints of the target application: a virtual agent platform that processes only text and visual
input from users. Thus, the choice of modalities is application-driven and directly reflects real-world
deployment scenarios. Furthermore, by achieving performance comparable to that of audio-enhanced
models, our approach highlights the potential of lightweight, audio-free architectures in scenarios where
speech is unavailable, such as text-based virtual assistants or privacy-sensitive environments.

5 Conclusion and Future Work

This study presents a multimodal emotion recognition model that integrates visual and textual infor-
mation, for a virtual conversational agent providing psychotherapeutic-based sessions. Through compre-
hensive evaluation across two user groups, our findings demonstrate that the proposed model effectively
leverages both modalities to outperform unimodal baselines, achieving its best performance in Emotion
Set 1 with an accuracy of 0.74 and F1l-score of 0.63. Even in the more challenging Emotion Set 2, the
model maintains competitive performance, despite increased variability in emotional expression.

The proposed model offers a practical and efficient solution for emotion recognition in scenarios where
audio input is unavailable or undesirable, thereby broadening the accessibility and applicability of affec-
tive computing technologies. These capabilities enable its seamless integration into applications where
accurate emotion recognition is essential to provide effective psychological interventions for users.

Notably, when benchmarked against state-of-the-art models that incorporate speech, our approach
remains robust and competitive. While some performance gap exists, this is expected given the richer
multimodal input used by those models. Crucially, our design decisions were guided by the intended
application context-namely, a virtual agent that interacts with users via visual and textual modalities
only. In this sense, the exclusion of audio is not a limitation but a deliberate adaptation to real-world
constraints.

As future work, we plan to integrate the multimodal model into the conversational virtual agent and
conduct user studies to evaluate its perceived empathic behavior. We intend to design an emotionally
charged scenario to elicit emotions outside of a strictly mental health context. The goal is to first assess
whether the agent can accurately detect emotions and respond empathetically to users’ comments. We
also plan to compare the performance of the conversational agent with access to emotional information
against a version without such information. It is expected that higher education students will participate
in the study. In order to assess the system’s perceived empathy, a validated and state-of-the-art instru-
ment has been selected. Specifically, the PETS scale [27] will be employed, a 10-item, 2-factor instrument
designed to rigorously measure and compare perceived empathy in interactive systems.
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