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Abstract—The interactive speech between two or more inter-
locutors involves the text and acoustic modalities. These modalities
consist of intra and cross-modality relationships at different time
intervals which if modeled well, can avail emotionally rich cues for
robust and accurate prediction of emotion states. This necessitates
models that take into consideration long short-term dependency
between the current, previous, and future time steps using multi-
modal approaches. Moreover, it is important to contextualize
the interactive speech in order to accurately infer the emotional
state. A combination of recurrent and/or convolutional neural
networks with attention mechanisms is often used by researchers.
In this paper, we propose a deep learning-based bimodal speech
emotion recognition (DLBER) model that uses multi-level fusion
to learn intra and cross-modality feature representations. The
proposed DLBER model uses the transformer encoder to model
the intra-modality features that are combined at the first level
fusion in the local feature learning block (LFLB). We also use
self-attentive bidirectional LSTM layers to further extract intra-
modality features before the second level fusion for further
progressive learning of the cross-modality features. The resultant
feature representation is fed into another self-attentive bidirec-
tional LSTM layer in the global feature learning block (GFLB).
The interactive emotional dyadic motion capture (IEMOCAP)
dataset was used to evaluate the performance of the proposed
DLBER model. The proposed DLBER model achieves 72.93%
and 74.05% of F1 score and accuracy respectively.

Index Terms—emotion recognition, intra modality features,
inter modality features, Fusion

I. INTRODUCTION

The advent of deep learning techniques has improved how
machines handle the tasks that humans are good at. Emotion
recognition is one of the tasks that have been improved over
the years in the affective domain. Since emotion recognition
is a complex task even to human beings, more robust and
accurate models are needed. The existing models perform well
in laboratory experiments but tend to degrade in the natural
environment. The emotion recognition application areas in real
life include; assistive living of the elderly [1], [2] and children
with health conditions like autism [3], [4], fraud detection,
home security among others. Depending on the source of data
for the deep learning models, emotional recognition can be
physiological, lexical, facial, or acoustic. It should however
be noted that speech involves both acoustic and lexical data.
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A number of studies have been carried out that have led to
model propositions in terms of the sources of data singly or in
combination. Human emotions can be categorized as discrete
or continuous. Tsiourti ef al. [5] described emotions in a two-
dimensional plane of valence and arousal. Verma er al. [6]
added dominance in the two-dimensional emotion space and
analyzed the emotions in a three-dimensional continuous space.
However, they all agree with the discrete emotion categories of
Ekman et al. [7]. Ekman et al. described emotions as happiness,
sadness, surprise, anger, disgust, and fear. In this paper, we
propose a model for speech emotion recognition (SER). We
opine that speech involves the acoustic and text modalities and
they consist of intra and cross-modality relationships which
depict emotionally rich cues. The proposed model leverages
these cues for robust performance. Interactive speech between
two or more interlocutors involves the analysis of features
extracted from a varying time speech signal with the intent
of classifying the emotional state of the utterances therein.
Interactive SER has recently attracted researchers because of
the need for robust and reliable systems that can aid interaction
between intelligent devices and humans for different activities.
The study of emotions in speech does not only consider utter-
ances at a single instance in one modality but all the instances
in a sequence in a multi-model multi-modal approach. As stated
in [8], human emotions are perceived from the history, current,
and future utterances. Moreover, the emotions in each utterance
are triggered by context cues [9] making it so important to
consider the contextual representations in the speech signal
and text. Recurrent neural networks (RNN) like long short-
term memory (LSTM) [10] are often used in combination with
attention mechanisms to keep track of long-term dependencies
between the features [11]. Memory networks, graph networks,
and convolutional neural networks [12] are the other deep
learning technologies often used in literature.

Research has been carried out using the acoustic modality
to improve the performance of SER models. Recently, Yan
et al. [13] proposed a model that uses convolutional neural
networks with bidirectional gated recurrent networks (BiGRU)
and the attention mechanism to classify emotions from ex-
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tracted spectrograms and their delta 1 and 2 derivatives using
the IEMOCAP dataset. RNNs on the other hand have been
replaced with residual dilated convolution blocks [14], [15].
In [16], a late fusion-based model was also proposed for
speech emotion recognition. Recently, Bekmanova et al. [17]
suggested recognition of emotions from word transcriptions for
students that participated in distance learning examinations.

However, it is not enough to infer speech emotions from
only one modality since the cross-modality interaction between
acoustic and lexical features is as important as the intra-
modality feature interactions for emotion classification and
enriches the emotional cues. The works in [18], [19], [20],
[21] and [22], utilise transformer-based multi-head attention
[23] to model multimodal SER. In this paper, we propose
a deep learning-based bimodal speech emotion recognition
(DLBER) model that uses multi-level fusion to learn intra and
cross-modality feature representations in speech. The proposed
DLBER model uses the transformer encoder to model the intra-
modality features that are combined at the first level fusion
in the local feature learning block (LFLB). The self-attentive
bidirectional LSTM layers are used to further extract intra-
modality features before the second level fusion to learn the
cross-modality features. The resultant feature representation is
fed into another self-attentive BiLSTM block in the global
feature learning block (GFLB). This work’s contributions are
as follows:

« We propose a deep learning based bimodal speech emotion
recognition (DLBER) model that progressively learns intra
and cross-modality feature interaction representation in
speech with multi-level fusion.

e We carry out a performance evaluation to show that
progressive multi-level fusion of intra and cross-modality
features learned by the proposed DLBER model improves
the performance of SER systems.

The rest of the paper is organized as follows: the proposed
model is presented in Section II. Section III presents the exper-
imental evaluation. Section IV gives the results and discussion.
The paper is concluded in Section V.

II. THE PROPOSED MODEL

In this section, we describe the proposed deep learning-
based bimodal speech emotion recognition (DLBER) model
that learns intra and cross-modality feature representations
fused at two separate levels. The intra and cross-modality
feature interaction characteristics of audio and transcription
files are learned using transformer encoders and self-attentive
BiLSTM layers at the two levels. As shown in Fig. 1, the
local feature learning block (LFLB) of the proposed DLBER
model uses the transformer encoder block (TEB) to learn intra-
modality features in the acoustic and text modalities separately
before being fused at the first level. The resultant feature
representation is further fed into a self-attentive BiLSTM block.
The features from the individual modalities are also concur-
rently fed into self-attentive BiLSTM blocks. The resultant

features from these channels are combined at the second level
fusion. The resultant feature representation is fed as input to
another self-attentive BiLSTM block in the GFLB. It should
be noted that the fully connected layers (FC) are used in this
model to ensure similar feature dimensions so as to be able
to fuse them. The deep learning techniques used to configure
the proposed DLBER model allows it to progressively learn
the long-term dependencies and pay attention to the most
relevant intra and cross-modality features. This enables the
model to preserve the context in which they were uttered. The
transformer encoder and attention mechanisms ensure that the
model learns contextualized features of the lexical and acoustic
modalities and the relationship characteristics that may exist
between them. The emotional states of excited, sad, neutral,
and anger are considered in this paper. They are chosen because
they have a representative number of samples in the dataset
compared to the rest of the emotions. Drop-out regularization,
the addition of Gaussian noise, and layer normalization are
configured to overcome overfitting. We also configured class
weights to cater for the class imbalances in the dataset.

III. EXPERIMENTAL EVALUATION

We used Librosa 0.9.2 to read audio files and extract acoustic
features from them. The Keras 2.8.0 and TensorFlow 2.6
frameworks were used. We used the Nvidia GeForce RTX
2080 super graphics processing unit (GPU). The batch size and
initial learning rate were 32 and 0.0001 respectively with the
Adam optimizer and cross-entropy loss objective function. The
evaluation metrics in the Sci-kit-learn toolbox were used. The
4936 samples were apportioned in a ratio of 80% for training,
10% for validation, and 10% for testing. The experiments
carried out, datasets, and features used are presented in this
section.

A. Experiments

We carried out experiments in form of ablation studies to
investigate the significance of the components of the proposed
DLBER model. The experiments included the single modality
SER models for acoustic and lexical features separately. Ex-
periments about single-level fusion cross-modality transformer
encoder network with self-attentive BiLSTM (TESAB) were
also carried out to investigate the performance of the first-level
modality fusion. In this experiment, the transformer encoder
was used to extract intra-modality features from the individual
modalities and then they were fused before being fed into the
self-attentive BiLSTM block and softmax layer for emotion
classification. In another experiment, the output of the sub-
model described in the previous experiment which now repre-
sents the cross-modality feature representations is fused with
intra-modality features learned by other self-attentive BILSTM
blocks before the GFLB that consists of other self-attentive
BiLSTM model. The aim of this experiment was to fuse
intra-modality features obtained from individual modalities
using the self-attentive BILSTM block and those progressively
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Fig. 1: The proposed deep learning-based bimodal speech emotion recognition (DLBER) mode.

learned from the individual transformer encoders and another
subsequent BiLSTM block before second-level fusion. In this
experiment, all the feature representations from the described
setups discussed thus far were fused in an end-to-end proposed
DLBER model.

Though we carried out more experiments, there was no
significant change in results yet the complexity of the model
was increasing. Nonetheless, we report the results of the
experiments with confidence intervals to cater for the results
obtained in the other experiments not reported in this paper.

B. Datasets and Features

We evaluated the experiments in this paper using the in-
teractive emotional dyadic motion capture (IEMOCAP) [24]
which is a multi-modal and multi-speaker database. To extract
lexical features, we used the pre-trained bidirectional encoder
representation for transformers (BERT) [25] to extract word
embedding vectors from transcriptions. The mel frequency cep-
stral coefficients (MFCCs) that depict the vocal tract frequency
response in sound were used as acoustic features.

IV. RESULTS AND DISCUSSION

In this section, we present the results obtained from our ex-
periments and discuss the significance of the proposed DLBER
and its constituent models.

A. Results

As shown in Table I, we report results in terms of accuracy
(A), precision (P), recall (R), and F1 score (F1) as our per-
formance metrics. We report on experiments for the individual
modalities which are modeled using the BiLSTM block only,
single-level fusion of intra-modality feature vectors to make
cross-modality features using the TESAB model, Multi-level
fusion of Intra and cross-modality feature vectors using the
proposed DLBER model. We also report the performance of the
proposed DLBER model on the individual classes of the testing
dataset in terms of the FI1 score in Table II. The confusion
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matrices for the experiments carried out are shown in Fig. 2.
The performance of the proposed DLBER model compared to
the other experimental approaches used in this paper shows
that each of the constituent components is significant in the
performance of the proposed model however a combination of
all in a multi-level approach is more beneficial to SER.

B. Discussion

In this section, we discuss the significance of the results
obtained from our ablation study through the experiments we
carried out.

1) Ablation Study: According to the results shown in Ta-
bles I and II, the proposed DLBER exhibits a commendable
performance. From the accuracy and F1 score metrics, it is
observed that progressive multi-level fusion of the cross and
intra-modality feature relationships improves performance. We
also further analyzed the proposed DLBER model’s perfor-
mance on the individual classes using the F1 score in Table
II. From these results, it is clear that the individual class
performance benefits from the different parts of the proposed
model since a progressive F1 score improvement is observed.
The improvement is because the proposed DLBER model
leverages the feature level and decision level fusion at the
intermediate level to progressively learn the intra and cross-
modality feature representations at the first and second fusion
levels. The performance improvement is also because of the
dynamic and parallel operation of the transformer encoder that
uses the multi-head attention mechanism used to learn the
intra modality features. These results show the superiority of
modeling intra and cross-modality features for SER systems
which are learned in a multi-level approach. This performance
also shows that a careful combination of deep learning tech-
nologies allows the model to benefit from their capabilities
in the training process for better results. The global attention
approach used by self-attention mechanisms in computing the
context vector complemented with the dynamic and parallel



TABLE I: Performance of the Individual Modality Models, the TESAB Model and the Proposed DLBER Model.

Model Fusion level — A(%) P(%) R(%) F1(%)
BiLSTM (Acoustic) ~ No fusion 58.70+£0.21  60.084+0.10  54.63£0.50  53.50+£0.10
BiLSTM (Lexical) No fusion 61.23£1.00 42.13+5.00 85.83£0.20  56.68+2.00
TESAB Single 63.4242.00 65.11+£1.90 60.00£3.00  62.39+2.50
DLBER Multi 74.05£1.10  75.174£2.00  70.89£1.90  72.93+2.10
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Fig. 2: The confusion matrix results. (a) TESAB. (b) DLBER.

TABLE II: FI score values for Individual Classes that were
obtained by the TESAB and the Proposed DLBER Model.

[ F1 Score(%)

Emotion | TESAB DLBER
Angry | 65.0£1.00 | 73.0£2.00
Excited | 59.042.00 | 66.0 +3.00
Neutral | 48.0£4.00 | 66.0+4.00
Sad 58.043.00 | 71.0+2.00

operation done by the multi-head attention mechanism does
not only improve the learning of the grammatical features but
is also applied in the GFLB to attentively learn the cross-
modality feature representations at the low level. Multi-head
attention consists of more than one self-attention head that can
be used to compute different relationship representations of
the acoustic and lexical modality features for the benefit of
the proposed DLBER model. Therefore, progressive learning
of intra and cross-modality feature relationships in a multi-
level approach allows the model to generalize better. The
self-attentive BILSTM considers the long-term dependencies
as well as solving the vanishing gradient problem which
contributes to better generalization of the proposed DLBER
model.

2) Prediction Error Analysis: As observed in confusion
matrices shown in Fig. 2 (a and 2 (b, the individual class
accuracy predicted by the models progressively improves in
the proposed DLBER model compared to the TESAB model.
It is observed from both of the confusion matrices in Fig.
2 that there is an attempt to generalize prediction of the
emotions by the models as more levels of fusion are added
to learn intra and cross-modality representations. This is also
evident in the observed changes in the confusion ratio of the
sad emotion class which had 92% of the support samples
predicted correctly as seen in Fig. 2 (a) at the expense of
all the other emotions. However, with a progressive increase
in levels of fusion, the confusion ratio of the sad emotion
is comparable to the other emotion classes. These confusion
matrices also show that there is better generalization during
inference of the proposed DLBER model as compared to
the control experiments. It should however be noted that the
emotion classes are mostly confused with the neutral class. This
is because the neutral emotion class is situated at the center of
the two-dimensional arousal-valence space of emotions which
complicates the discriminatory capability of the model [26].
The other reason could be because it consists of the largest
number of samples in this dataset.
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V. CONCLUSION

We proposed the DLBER model which leverages the benefits
of fusing intra and cross-modality feature interactions of acous-
tic and lexical modalities for SER. The feature relationship
representations were learned using self-attentive BiLSTM and
transformer-encoded blocks at two intermediate fusion levels.
We compared the performance of the proposed DLBER model
with the TESAB and single modality models in ablation study
experiments. Compared to the TESAB model, the proposed
DLBER model achieves performance improvement in terms of
accuracy and F1 score. These results show that SER systems
benefit from multi-level fusion learning of intra and cross-
modality features for improved and robust performance. In
terms of future work, since human emotional states encompass
visual and physiological cues in addition to speech, it is worth
exploring other modalities for emotion recognition. We also
plan to evaluate the performance of the proposed DLBER
model on other datasets.
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