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Abstract: The Graph Convolutional Neural Networks (GCN) method has shown excellent perfor-
mance in the field of deep learning, and using graphs to represent speech data is a computationally
efficient and scalable approach. In order to enhance the adequacy of graph neural networks in
extracting speech emotional features, this paper proposes a Temporal-Spatial Learnable Graph
Convolutional Neural Network (TLGCNN) for speech emotion recognition. TLGCNN firstly utilizes
the Open-SMILE toolkit to extract frame-level speech emotion features. Then, a bidirectional long
short-term memory (Bi LSTM) network is used to process the long-term dependencies of speech
features which can further extract deep frame-level emotion features. The extracted frame-level emo-
tion features are then input into subsequent network through two pathways. Finally, one pathway
constructs the extracted frame-level deep emotion feature vectors into a graph structure applying an
adaptive adjacency matrix to catch latent spatial connections, while the other pathway concatenates
emotion feature vectors with graph-level embedding obtained from learnable graph convolutional
neural network for prediction and classification. Through these two pathways, TLGCNN can si-
multaneously obtain temporal speech emotional information through Bi-LSTM and spatial speech
emotional information through Learnable Graph Convolutional Neural (LGCN) network. Experi-
mental results demonstrate that this method achieves weighted accuracy of 66.82% and 58.35% on
the IEMOCAP and MSP-IMPROV databases, respectively.

Keywords: speech emotion recognition; graph convolutional network; temporal-spatial learnable
graph convolutional neural network; adaptive adjacency matrix; bidirectional long short-term
memory network

1. Introduction

Emotions are an indispensable part of human social interaction, and are of great
significance for interpersonal communication, emotional health, psychological diagnosis,
and medical care [1]. Traditionally, emotion recognition mainly relies on non-speech meth-
ods such as facial expressions, body language, and language. With the development and
widespread application of speech technology, more and more emotional information can
be obtained from speech signals [2]. Voice signals can transmit rich emotional information,
including emotions, emotional states, and emotional tendencies. With the rapid develop-
ment of speech technology, including natural language processing (NLP), speech synthesis,
and speech recognition, the research on Speech Emotion Recognition (SER) [1] has also
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been rapidly developed. SER can help computers better understand users’ emotional
states and needs, thereby improving the experience of human-computer interaction. For
example, intelligent voice assistants can provide emotion-oriented services based on the
user’s emotional preferences by recognizing their emotional state, making the interaction
between the user and the computer more natural and intelligent [3]. SER can also be applied
in the fields of emotional health and psychological diagnosis, helping psychologists and
clinical doctors to more accurately evaluate the emotional state and mental health level
of patients [4,5]. By analyzing the patient’s voice signals, objective emotional evaluation
indicators can be provided to assist in psychological diagnosis and treatment processes.
At the same time, SER can provide an objective and effective emotional assessment tool
for research fields such as psychology and social sciences, reducing the subjectivity and
objectivity of traditional emotional assessment methods, and helping to further study the
role and impact of emotions in individual and social interactions [1]. Therefore, the study
of SER has significant research and practical value.

Interpersonal emotional interactions encompass various modalities such as facial
expression, text, gesture, and speech [6–8]. Among them, speech can directly reflect
dynamic changes in emotions. Therefore, speech emotion recognition, as a real-time
emotion recognition method, has attracted widespread attention. Currently, research on
speech emotion recognition has made significant progress. In terms of feature extraction,
researchers have proposed various effective methods, including rhythmic features such as
energy, zero crossing rate and pitch frequency [9], musical quality features such as jitter
and amplitude [10], and spectral features including Mel-frequency cepstral coefficients
(MFCCs), Linear Prediction Coefficients (LPCs), Linear Prediction Cepstral Coefficients
(LPCCs), etc. [11]. These features capture information relevant to emotions in speech
signals, providing input for a subsequent emotion recognition model. In recent years, with
the advancement of deep learning, many researchers have begun to utilize neural networks
for feature extraction from speech samples. For example, Convolutional Neural Network
(CNN) [12,13], Recurrent Neural Network (RNN) [14], Long Short-Term Memory (LSTM)
network [15,16]. Later, neural networks based on CNN and RNN and their corresponding
improved neural networks Convolutional Recurrent Neural Network (CRNN) [17], and
CNN-LSTM [18] are commonly used as model framework. However, with the increase
in the number of input speech samples and higher requirements for recognition effects,
and deeper convolution operations, these methods have higher computational costs and
are difficult to optimize. In addition, the attention mechanism is introduced into the SER
task [19], which allows the model to focus more on key features related to emotion in the
speech signal, helps extract and utilize key information, and improves model robustness.
But its huge computational complexity degree often leads to reduced efficiency, and too
many model parameters may lead to the risk of overfitting.

In recent years, GCN has demonstrated significant research and practical value in
biomedicine [20], predictive medicine [21], traffic forecast [22], etc. Using GCN to han-
dle speech emotion recognition tasks is a new way to enter the field of speech emotion
recognition. The GCN model structure parameters are small and therefore more efficient.
Using GCN to handle SER tasks is considered an efficient and scalable way [23]. The graph
model networks can simultaneously solve Euclidean structure and non-Euclidean structure
data. GCN can better learn the complex relationships between nodes. Shirian et al. [23]
employed graph structure to handle speech emotion recognition. They use predefined a
linear graph structure and a cyclic graph structure to embed the extracted speech features
into nodes in the graph structure and use graph convolutional neural networks for training.
The model achieved good performance and the number of training parameters was signifi-
cantly reduced. Liu et al. [24] proposed constructing graphs from utterances of different
lengths and use frames as nodes to embed SER in the graph. They compared different graph
convolutional networks (GCNs) to handle the SER problem in a graph classification manner
and discussed several different pooling methods on obtaining graph-level embeddings.
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Using graphs to model speech faces two challenges. One is how to define the graph
structure of speech data. The other is that GCN may not be as interpretable as traditional
feature extraction and classification methods for speech emotion recognition tasks, which
may reduce understanding of model decision-making processes. This suggests that addi-
tional feature extraction steps may be required to convert the speech data into graph data
suitable for input into the GCN. The way of defining graph structure in GCN is generally
divided into three categories, namely, static graph structure, dynamic graph structure
and adaptive graph structure. The static graph structure refers to the use of a predefined
adjacency matrix during training [25]. Dynamic graph structure [26] and adaptive graph
structure [27] can dynamically change the connection relationships and weights of nodes
in the graph. Dynamic graph structure updates node connections and weights with certain
temporal information [26], while adaptive graph structure [27] updates node connections
and weights based on node features or features learned from data. Some scholars combine
GCN with other networks to improve the accuracy of GCN for SER tasks. Su et al. [28]
proposed a graph attention bidirectional gated recurrent neural network (GA-GRU). They
applied a graph attention mechanism on the bidirectional gated recurrent unit network
(Bi-GRU) to improve speech emotion recognition (SER) accuracy. The GA-GRU combines
speech modeling of long-range time series and uses graph structures to further enhance
the complex modeling of emotional modulation. Liu et al. [29] used the space-based graph
isomorphism network (GIN); they applied LSTM + five-layer GIN network, and then
applied the output function in each GIN layer to obtain a graph-level embedding, in which
the graph structure was obtained by aggregating neighbor nodes.

Using GCN can solve the limitations of complex models that are difficult to optimize.
In order to make GCN deeply understand the speech emotion classification problem, the
temporal features are first modeled and extracted first and then the extracted results are
embedded in the graph. In order to obtain a graph structure that is more suitable for speech
data, inspired by [23,27–29], this paper proposes a Temporal-Spatial Learnable Graph
Convolutional Neural Network (TLGCNN) for speech emotion recognition. TLGCNN
comprises the Bi-directional Long Short-Term Memory (Bi-LSTM) layer, the Learnable
Graph Convolutional Neural (LGCN) layer, and the prediction layer. The Bi-LSTM layer
employs Bi-LSTM and frame smoothing components to capture temporal dependencies.
Continuity features are an important characteristic of speech samples, and Bi-LSTM [30]
can leverage information from preceding and subsequent contexts in input sequences,
enabling a more accurate understanding of semantics and structure within sequences,
capturing long-term dependencies and contextual information, which is effective for speech
emotion recognition tasks. The temporal dependencies between different frames of speech
sample data in the database may affect emotion classification. Therefore, TLGCNN applies
Bi-LSTM and frame smoothing components to handle potential impact weights among the
most discriminative frame nodes. The Bi-LSTM layer extracts raw features for each speech
sample, capturing long-term dependencies by employing Bi-LSTM and obtaining deep
frame-level features. The LGCN layer applies an adaptive adjacency matrix to capture
spatial dependencies. Using the GCN methodology introduces a graph-based approach
to the field of speech emotion recognition. Compared to other methods, GCN effectively
leverages graph and node features to learn node representations, thereby achieving a better
performance. The adaptive adjacency matrix automatically generates spatial relationships
based on the characteristics of speech data, evolving with network training to match node
connections for emotion recognition tasks. The LGCN layer employs an adaptive adjacency
matrix and two layers of GCN. It embeds deep frame-level feature vectors into nodes,
constructing a set of graph structure features. After LGCN training, the graph structure
features enter the pooling layer to obtain graph-level embedded speech spatial emotion
features. The prediction layer concatenates temporal emotion features (deep frame-level
features) and spatial emotion features for prediction and classification. Therefore, through
the aforementioned three-layer network architecture, TLGCNN can simultaneously extract
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effective speech emotion features in both temporal and spatial domains, addressing the
task of speech emotion recognition.

The remaining structure of this article is outlined as follows. The second section elabo-
rates on the proposed network model, while the third section delineates the experimental
setup and datasets employed, presenting the evaluation of experimental data and analysis
of results. Finally, there is the summary section of the paper.

2. Temporal-Spatial Learnable Graph Convolutional Neural Network

This section introduces the proposed Temporal-Spatial Learnable Graph Convolutional
Neural Network (TLGCNN) for speech emotion recognition, which is illustrated in
Figure 1. TLGCNN comprises the Bi-LSTM layer, the LGCN layer, and the prediction layer.
The Bi-LSTM layer is divided into feature extraction, frame smoothing components, and
Bi-LSTM. Firstly, for each speech sample, frame segmentation, windowing, and padding
are performed using the Open-SMILE-2.3.0 toolkit [31] to obtain frame-level emotion fea-
tures xt. These features are then smoothed using a K-means smoothing component, with
averaging performed on every K frames. Subsequently, the averaged frame-level emo-
tion feature vectors undergo Bi-LSTM to extract temporal feature information, generating
deep frame-level emotion feature vectors ht. The LGCN layer consists of two GCN layers
and a pooling layer. Similar to literature [23], we model each deep frame-level emotion
feature vector as a frame-level graph structure. Then, we embed the deep frame-level
emotion feature vectors ht of each speech signal into the nodes of each graph. The resulting
set of graph structure feature vectors gn is inputted into the LGCN layer. The LGCN
layer utilizes an adaptive adjacency matrix [27] to capture spatial dependencies between
nodes and trains parameters using two GCN layers. Similar to prior works [23,32], the
LGCN layer employs a sum pooling layer to convert node classification tasks into graph
classification tasks. The prediction layer comprises a feature concatenation layer, a fully con-
nected layer, and a softmax function. The feature concatenation layer combines temporal-
dependent deep frame-level emotion feature vectors ht with spatial-dependent graph
classification features gi. A fully connected layer and the softmax function are then used for
prediction classification.

Figure 1. Model Architecture of Temporal-Spatial Learnable Graph Convolutional Neural
Network (TLGCNN).

2.1. Feature Extraction

Various tools can be employed for extracting speech emotion features. Open-Smile,
as an open-source speech analysis toolkit which has rich feature extraction capabilities,
cross platform capabilities, and flexibility, is the most widely used tool for speech emotion
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recognition. We use the Open-SMILE open-source toolkit [31] and use the feature set
from the Interspeech 2009 emotion challenge [33]. This feature set comprises 384 features
computed by applying statistical functions to Low-Level Descriptors (LLDs), including
MFCCs, zero crossing rate, jitter, fundamental frequency, and frame energy. These features
basically include all characteristics of speech.

To enhance the emotional content within each speech sample and improve model
recognition performance, we employ a sliding window of 25 ms length with a step size
of 10 ms to locally extract LLDs from each speech sample. A moving average filter is then
applied to smooth each extracted feature, and first-order delta coefficients are computed. If
the length of the speech sample is insufficient for the sliding window, padding is performed
to ensure that each extracted frame feature has equal length, resulting in overlapping
speech segments of 25 ms length [23].

2.2. Bi-LSTM

Speech signals constitute typical time series data, and the structure of Recurrent
Neural Network (RNN) is well-suited for such data. Long Short-Term Memory (LSTM)
networks [34] effectively addresses the problem of gradient vanishing or exploding during
RNN training. The core of the LSTM model is the memory cell, which updates its state at
each time step and controls information flow through various gates.

At each time step, Bidirectional LSTM (Bi-LSTM) [30] operates on input sequences
bidirectionally, incorporating specific hidden states for forward and backward to process
information in both directions. At each time step, the Bi-LSTM network concatenates the
current input vector with forward and backward hidden states and outputs a synthesized
hidden state. Bi-LSTM consists of forward and backward LSTM, and the final output is a
simple stacking of the two LSTMs.

In this paper, H memory cells are used in each direction of the LSTM to encode left and
right sequence contexts to capture long-term sequential information in the speech signal.
To obtain the most discriminative frames, the extracted original features are averaged over
every K frames. The averaged frame-level emotional features are then used as elements in
the input sequence to the Bi-LSTM, and the output at each time step is as follows [30]:

→
ht =

→

LSTM
(
→
xt,

→
ht−1

)
←
ht =

←

LSTM
(
←
xt,

←
ht+1

)
ht = BiLSTM(x) =

{→
ht,
←
ht

}
=

{→
h1,
→
h2, . . .

→
hT ,
←
h1,
←
h2, . . .

←
hT

} (1)

where
→
xt and

←
xt represent the forward and backward representation of the input features

ft at time step t,
→
ht and

←
ht are the output vector of the forward and backward LSTM,

respectively, and ht represents the output vector of the entire Bi-LSTM model at time step t.
The input features ft are used as elements in the input sequence

→
xt and

←
xt:{ →

xt = ft
←
xt = fT−t−1

(2)

The entire input sequence is denoted as
{(→

x1,
←
x1

)
,
(→

x2,
←
x2

)
, . . . ,

(→
xT ,

←
xT

)}
, and

finally, all output vectors ht ∈ RT×H at each time step are used as deep emotional
recognition features.
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2.3. Learnable Graph Convolutional Neural (LGCN)
2.3.1. Graph Construction

First, the deep frame-level emotional feature matrix ht is constructed into a corre-
sponding graph G = (V, E), V ∈ {vi}M

i=1 where V and E represent the set of M nodes and
the set of edges connecting these nodes, respectively. The adjacency matrix A ∈ RM×M is
used to represent the connections between nodes, where each element Aij represents the
weight of the connection between nodes vi and vj. Then, each node vi is linked with a
corresponding node feature vector ht ∈ RP, where each node feature vector utilizes the
deep frame-level emotional feature vector ht. Meanwhile, the feature matrix of each graph
composed of node feature vectors corresponds to X ∈ RM×P, where M represents the
number of nodes, P represents the dimensionality of each node’s feature vector, and the

feature matrix is denoted as ht = BiLSTM(x) = {
→
ht,
←
ht}. The graph construction strategy

includes embedding the obtained deep emotional feature vector into nodes and forming
graph level embeddings through pooling layers. Each speech sample is converted into a
graph Gj, and the entire dataset is traversed to obtain {G1, . . . , GN}, with corresponding
emotional labels {Y1, . . . , YN}.

2.3.2. Graph Convolutional Layer

Given the adjacency matrix A of a pre-constructed graph, the Laplacian matrix
L = D− A is obtained, where D ∈ Rn×n is the degree matrix of the graph with Dii = ∑j Aij,
and A is the adjacency matrix of the graph structure. Normalization of the Laplacian ma-
trix L yields L = D−

1
2 LD

1
2 = In − D−

1
2 LD

1
2 , where In is the identity matrix of order n.

The features L are decomposed to obtain L = UΛU−1, where Λ is a diagonal matrix
consisting of n eigenvalues, U = (u0, . . . , un−1) represents a matrix composed of eigen-
vectors corresponding to eigenvalues in the normalized Laplacian matrix. Our work is
based on signal processing on graphs [35]. Assuming that the time domain signal is con-
volved with the convolution kernel, Equation (3) is obtained by Fourier transform and
inverse transform [32,33]:

g ∗ x = F−1(F(g)F(x)) = U
(

UT gUTx
)

(3)

According to UT L = ΛUT , UT g(L) can be regarded as the characteristic function
gθ(Λ) of the Laplacian matrix L. Therefore, it is obtained that:

g ∗ x = UgθUTx (4)

where gθ = UT g = diag(θ0, . . . , θn−1) is the diagonal matrix. In each graph convolution
operation, the normalized Laplacian matrix L needs to undergo spectral decomposition
to obtain feature vectors U = (u0, . . . , un−1). Since the computation cost of U is relatively
high, the Chebyshev polynomial expansion is introduced to approximate the spectral
domain graph convolution with the convolutional kernel:

gθ = gθ(Λ) ≈
k−1

∑
i=0

θiFi(
∼
Λ) (5)

where
∼
Λ = 2Λ/λmax − IN (the objective is to normalize Λ to the range [−1, 1]), parameter

θ represents the polynomial coefficients, and Λ is the matrix of eigenvalues obtained
after the eigendecomposition of the Laplacian operator. Substituting Equation (5) into
Equation (4) yields:

g ∗ x = U
k−1

∑
i=0

θiFi(
∼
Λ)UTx =

k−1

∑
i=0

θiFi(
∼
L)x (6)
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Here, Fi(
∼
L) is the k-th order Chebyshev polynomial evaluated at the Laplacian op-

erator
∼
L = 2L

λmax
− IN [36]. This expression provides a polynomial approximation of the

parameterized frequency response, reducing model complexity. The recursive formula

for Fi(
∼
L) is Fi(

∼
L) = 2

∼
LFi−1(

∼
L)− Fi−2(

∼
L), while F0(

∼
L) = I and F1(

∼
L) =

∼
L. The first-order

Chebyshev polynomial can approximate this operation well [37]. Assuming k = 1 and

λmax = 2, then
∼
L = L− I. The Equation (6) is then transformed to [23,37]:

g ∗ x = θ0x− θ1D−
1
2 AD

1
2 x (7)

Let θ = θ0 = −θ1, we obtain the final graph convolutional single-layer output
y = θ

(
I + D−

1
2 AD

1
2

)
x. To prevent gradient explosion, I + D−

1
2 AD

1
2 is transformed

to
∼
D
− 1

2 ∼
A
∼
D
− 1

2
with

∼
A = A + IN and

∼
Dii = ∑

j

∼
Aij [37]. Finally, l layers of GCNs yield:

Y(l+1) = σ

(
∼
D
− 1

2 ∼
A
∼
D
− 1

2
YlΘl

)
(8)

Here Y0 = X and Θ ∈ RP×F is a parameter matrix of θ. Here, σ represents the sigmoid
activation function.

2.3.3. Adaptive Adjacency Matrix

When employing graph structures to handle emotion recognition tasks, each node
feature corresponds to the features extracted from the samples. Regarding the connections
between nodes, researchers typically manually construct adjacency matrices according to
certain rules or predefine them. Busso et al. demonstrate through the study of various
acoustic features that there are emotionally salient parts in speech samples [38], and the
predefined graph structure fails to account for the connections between emotionally salient
nodes and other nodes, merely considering those connected to their immediate predecessors
and successors. To address this limitation, we employ an Adaptive Adjacency Matrix
(AAM) [27] for GCN. The AAM is capable of automatically generating graph relationships
based on the characteristics of the speech data, rather than predefined graph relationships.
This type of graph relationship evolves with network training to automatically update
node connections that are more suitable for emotion recognition tasks [27].

The AAM [27] is specifically initialized by first randomly initializing a learnable node
embedding matrix MA ∈ RM×P, where each row of MA represents an embedding of
a node, and P denotes the dimensionality of the node embeddings. During the model
training process, MA is updated based on the loss computed by the objective function and
optimized using an optimizer, gradually approaching the optimal value from the random
initial value to obtain more suitable node embedding representations. Then, the graph
structure is defined through node similarity, where the calculation of node similarity is
inferred by multiplying MA and MT

A to deduce the spatial dependencies between each pair
of nodes. From this, the adaptive matrix MA ·MT

A is obtained. Subsequently, it sends the
matrix into the softmax function to obtain the normalized matrix. The specific computation
is illustrated in Equation (9) [27]:

∼
D
− 1

2 ∼
A
∼
D
− 1

2
= so f tmax

(
ReLU

(
MA ·MT

A

))
(9)

Equation (9) does not generate A or compute the Laplacian matrix. Instead, it sub-

stitutes the result for
∼
D
− 1

2 ∼
A
∼
D
− 1

2
, reducing the complexity and repetition of operations

required for feature decomposition. During the training process, MA is automatically
updated to learn the hidden connections between nodes, eventually yielding the adaptive



Electronics 2024, 13, 2010 8 of 16

adjacency matrix. Rewriting Equation (9), the final adaptive adjacency matrix correspond-
ing to graph convolution iterations is presented as follows in Equation (10):

Y = Θ
(

In + so f tmax
(

ReLU
(

MA ·MT
A

)))
X (10)

In Equation (10), X represents the emotion feature matrix, In represents the identity
matrix, and Θ represents the polynomial coefficients.

2.3.4. Graph-Level Embedding

Since each graph structure G in the set { G1, . . . , GN} is derived from a speech sample,
and each speech sample corresponds to a unique manually annotated emotion label, LGCN
performs graph classification for each graph structure rather than node classification, which
differs from most tasks handled using GCN. Due to the limitations of maximum pooling and
average pooling in preserving underlying information about graph structures [32], LGCN
adopts a sum pooling layer function to convert node-level embedding into graph-level
embedding. This enables the realization of graph classification with the calculation formula
as follows [23]:

yg = sumpool
(

Yk
)
=

M

∑
i=1

y(k)i (11)

The output depth frame-level emotion feature vector of Bi-LSTM is spliced with the
features obtained through LGCN training, and finally the softmax function is used to
predict and classify the speech emotion to obtain the final probability. Therefore, TLGCNN
can extract effective speech emotion features in time and space at the same time and solve
the speech emotion recognition task. The final output is as follows:

Yi = so f tmax
(
yg ⊕ hi

)
(12)

3. Datasets, Experiments, and Analysis
3.1. Datasets

This section introduces the databases used in the speech emotion recognition experi-
ments of this paper, including the IEMOCAP [39] and the MSP-IMPROV [40] database.

3.1.1. IEMOCAP Database

The IEMOCAP database is a multimodal emotion database collected by the Sail
Laboratory of the University of Southern California, which contains facial movement,
speech and text information. The database was recorded by 10 male and female actors in
2 ways: scripted and improvised performances, with a total duration of about 12 h. In this
experiment, we chose to use the data from the improvised performance part because this
part of the data can more truly reflect the actors. emotional state. The improvisation part
included a total of five dialogues, each of which was performed by two professional actors,
one male and one female, according to a given emotional category to ensure the diversity
and richness of the data [39]. Finally, multiple annotators perform category annotation.
The speech emotion types corresponding to each dialogue in the experiment are labeled
according to the voting mechanism. That is, the emotion label with the most emotion types
given by the annotators in a dialogue is the emotion label of the dialogue. To be consistent
with previous experimental studies [23], the speech dataset we selected ultimately contains
4490 samples, including 1103 angry, 595 happy, 1708 neutral and 1084 sad instances.

3.1.2. MSP-IMPROV Database

The MSP-IMPROV dataset is a performance audiovisual emotion database used to
explore emotional behavior during spontaneous binary improvisation. The database
contains data from 6 dynamic emotion sessions (12 actors) with a total of approximately
7798 speech samples spanning over 9 h, including 792 angry samples, 3477 neutral samples,
885 sad samples, and 2644 happy samples [40]. The collector defines a hypothetical scene
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for each sentence, and two actors improvise and speak contextualized sentences in each
scene, using a voting mechanism to annotate the emotional content. The recordings were
collected in a single-wall speaker. The audio was recorded by two collar microphones. The
signal was sampled at 48 kHz and 32-bit PCM. The video was recorded by a digital camera
with a resolution of 29.97 frames/s [40]. The database was collected in four scenarios,
namely, P, R, S and T, which correspond, respectively, to the spontaneous expression
of the preparation process, the scene of reading the target sentence, the recording of
improvised scene transitions and the scene of improvised scene reading of the target
sentence [40]. To be consistent with previous experimental studies, the dataset finally
contained 7798 speech samples.

3.2. Implementation Details

We set the number of cells H in LSTM to 120. For LSTM 120 memory cells output
sequence, we construct a graph with 120 nodes. And for 64 batch size, we embed it into a
64-dimensional space [23]. Throughout the experiment, we exclusively utilize the Adam
optimizer (learning rate is 0.01 every 50 epochs and decay rate is 0.5), while employing a
dropout layer of 0.2 [23]. To mitigate overfitting, this paper uses five-fold cross-validation
to evaluate the performance of the model, dividing the data set into five approximately
equal subsets. For each cross-validation, one of the subsets is used as the test set, and
the remaining four subsets are used as the training set, and the verification is performed
cyclically. Our computational infrastructure comprises a tower server running on the
Ubuntu operating system. In the realm of deep learning, we utilize NVIDIA GTX1080Ti
and A4000 GPUs and frameworks such as PyTorch-1.11.1 and Keras-2.3.1, operating on
CUDA 11.0.

Our method performed baseline comparison experiments. Then, we conducted abla-
tion experiments on LSTM, Bi-LSTM and adaptive adjacency matrix. We used Student’s
t test to calculate p-values and confidence intervals for baseline comparison and ablation
experiments to discuss statistical differences. To validate the performance of the pro-
posed TLGCNN model, experiments are conducted and analyzed on two speech emotion
databases (IEMOCAP and MSP-IMPROV). In the case of uneven distribution of samples
in both databases, the analysis in this study primarily focuses on the confusion matri-
ces, weighted accuracy (WA), and unweighted accuracy (UA) of various methods. The
calculation method of each metric is as follows [41]:

WA =
∑N

i=1 TPi

∑N
i=1 TPi + FPi

(13)

UA =
1
N

N

∑
i=1

TPi
TPi + FPi

(14)

TPi represents the number of accurate predictions for each category, and FPi represents
the number of prediction errors for each category. WA and UA can better evaluate the
performance of the model on different categories, especially when the gap in the number
of samples between categories is large. At this time, the impact of quantitative imbalance
between different categories on the model evaluation results can be avoided as much as
possible. Another evaluation index is the confusion matrix, which represents the difference
between the predicted value and the true value.

3.3. Results and Analysis

In order to assess the validity of our proposed TLGCNN, we summarize and evaluate
the accuracy of the proposed TLGCNN in this paper and compare it to several methods
in the field of speech emotion recognition in recent years. We discuss the performance
comparison with baselines on two different datasets.

The GCN-2021 method [23] uses 384-dimensional emotional features extracted by
the Open-SMILE toolkit, which are then input into the GCN module for further feature
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extraction and training. The GCN module uses undirected linear and cyclic graph struc-
tures, and finally predicts classification using sum-pooling, fully connected layers, and
softmax functions.

The GA-GRU [28] method specifically utilizes emotional features extracted from
speech samples by the Open-SMILE toolkit, which are then input into Bi-GRU. Subse-
quently, a graph attention mechanism is applied to enhance significant segments, which
are then input into GCN for further feature extraction and training.

The GCN-2017 method [37] uses a standard form of spectral GCN for node classifi-
cation. The architecture is tailored for node classification tasks, generating embeddings
solely at the node level, while the method proposed in this paper is for graph classification,
constructing a graph structure for each speech sample for prediction classification.

The LSTM-GIN method [29] uses a spatial graph isomorphism network based on the
GIN network, applying LSTM + five-layer GIN network. Each GIN layer applies an output
function to obtain graph-level embedding, aggregating neighboring nodes to obtain the
graph structure.

The experimental results are shown in Tables 1 and 2. N/A in the table indicates the
lack of results for this indicator.

Table 1. Speech emotion recognition results on IEMOCAP database.

IEMOCAP Database

Method WA (%) UA (%)

GA-GRU [28] 62.27 63.80
GCN-2021 [23] 64.25 61.15
LSTM-GIN [29] 64.65 65.53
GCN-2017 [37] 56.14 52.36

Attn-BLSTM [42] 59.33 49.96
RNN 2017 [19] 63.50 58.80

CRNN 2018 [17] 63.98 60.35
LSTM 2019 [16] 58.72 N/A

CNN-LSTM 2019 [16] 59.23 N/A

TLGCNN 66.82 64.21

Table 2. Speech emotion recognition results on MSP-IMPROV database.

MSP-IMPROV Database

Method WA (%) UA (%)

GA-GRU [28] 56.21 57.47
GCN-2021 [23] 56.24 54.32
GCN-2017 [37] 54.71 51.42
CNN 2019 [16] 50.84 N/A
LSTM 2019 [16] 51.21 N/A

CNN-LSTM 2019 [16] 52.36 N/A

TLGCNN 58.35 56.47

As shown in Tables 1 and 2, the proposed TLGCNN outperforms other baseline
models on the IEMOCAP database. The model achieves a Weighted Accuracy (WA) and
Unweighted Accuracy (UA) of 66.82% and 64.21%, respectively. In experiments on the
MSP-IMPROV database, the corresponding WA and UA are 58.35% and 56.47%, respec-
tively, with only UA being approximately 1.00% lower than the GA-GRU method proposed
by Su et al. [28]. The GA-GRU method assigns attention weights to frame segments, em-
phasizing the importance of frames with strong emotional content. TLGCNN surpasses
the GCN-2021 method [21] by approximately 2.57% (p < 0.001, the confidence interval is
(2.01, 2.95)) and 3.06% (p < 0.01, the confidence interval is (2.47, 3.52)) in WA and UA,
respectively. The GCN-2021 method processes a higher number of frames per speech
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sample without averaging frame features, potentially leading to insufficient discrimina-
tory information per frame. Moreover, it only utilizes emotional features extracted by
the Open-SMILE toolkit as node features for training, which may not adequately rep-
resent emotional characteristics. Additionally, it lacks modeling of temporal dependen-
cies and the predefined sequential graph structure may lead to information loss. Com-
pared to the LSTM-GIN model [29] proposed by Wang et al., our results exhibit a higher
WA by approximately 2.17%. The adaptive adjacency matrix used in our approach has
a more significant capability to capture spatial relations among nodes, beyond neigh-
boring nodes, inferring hidden dependencies across the entire graph of speech nodes.
GCN-2017 [37] only generates node level embeddings, while our pooling layer generates
graph level embeddings.

Furthermore, compared to several traditional models, indicated in Table 1. These
models include CRNN [12], LSTM [16], Attn-BLSTM [42], RNN [19], and CNN-LSTM [16].
TLGCNN achieves higher WA and UA than the above models in both databases. These
methods primarily employ Convolutional Neural Networks (CNNs) and their variants. In
contrast, TLGCNN utilizes GCN to handle speech emotion recognition tasks. Compared to
CNN networks, GCN networks excel at processing non-Euclidean structured data. The
proposed method addresses the inadequacy of emotion feature extraction and the lack of
temporal dependency in GCN, leading to higher accuracy.

By analyzing the comparison between WA and UA, it was found that the proposed
TLGCNN outperformed other methods in the IEMOCAP database. In the MSP-IMPROV
database, the proposed TLGCNN has better WA than other methods, and UA is com-
parable to others. The confusion matrix of GCN-2021 method and the proposed TL-
GCNN experiment results in IEMOCAP database and MSP-IMPROV database is shown in
Figure 2. According to the confusion matrix, compared to GCN-2021, the ability to dis-
tinguish neutral emotions from others was improved, and the ability to distinguish joy
from sadness was improved in the IEMOCAP database. Compared to GCN-2021 TLGCNN
improves the classification ability of anger in the MSP-IMPROV database.

Figure 2. Confusion Matrix Experiment in the IEMOCAP and MSP-IMPROV Database. Here, (a,b) represent
the results of two methods on the IEMOCAP database, while (c,d) denote the results of two methods on the
MSP-IMPROV database. (a) GCN-2021 in the IEMOCAP database. (b) TLGCNN in the IEMOCAP database.
(c) GCN-2021 in the MSP-IMPROV database. (d) TLGCNN in the MSP-IMPROV database.
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3.4. Ablation Experiments

This section mainly conducts ablation experiments on the proposed TLGCNN and
evaluates its performance. The main experiments are divided into three parts

• During preprocessing, ablation experiments are conducted to investigate whether key
frames should be extracted for the emotion features extracted by Open-SMILE;

• Ablation experiments are conducted to evaluate the performance when using LSTM,
Bi-LSTM, or no recurrent neural network to extract deep emotion features;

• When obtaining the graph spatial structure, ablation experiments are conducted to
assess the impact of using an adaptive adjacency matrix.

3.4.1. Ablation Experiment of Extracting Key Frame Features

To verify the effectiveness of the K-means smoothing component in processing emo-
tional features extracted from each frame of Open-SMILE, this experiment compares the
effectiveness of averaging emotional features per frame and not averaging per frame, using
the same graph convolutional model and experimental strategy. The preset parameters
used in this part of the experiment are the optimal parameters, with K being 4 in the
IEMOCAP database and 5 in the MSP-IMPROV database. The experimental results of
extracting keyframes on the IEMOCAP and MSP-IMPROV databases are shown in Table 3.

Table 3. Experimental results of extracting keyframes on the IEMOCAP and MSP-IMPROV databases.

IEMOCAP Database MSP-IMPROV Database

Experiment Method WA (%) UA (%) WA (%) UA (%)

Not Extracting Key Frames 65.87 63.32 56.33 54.75
Extracting Key Frames 66.82 64.21 58.35 56.47

In the IEMOCAP database, when using the optimal parameters, the WA and UA of
using this frame component are steadily improved by about 0.9% (p < 0.05, the confidence
interval is (0.64, 1.34)) and 0.8% (p < 0.05, the confidence interval is (0.39, 1.34)) compared
to not using this frame component. In the MSP-IMPROV database, when using the optimal
parameters, the WA and UA of using this frame component are improved by nearly 2%
(p < 0.001, the confidence interval is (1.56, 2.34)) and (p < 0.05, the confidence interval is
(1.48, 2.41)) compared to not using this frame component.

3.4.2. LSTM Ablation Experiment

In this experiment, we perform deep feature extraction on the emotion features ex-
tracted by Open-SMILE. Specifically, we use both LSTM and Bi-LSTM to extract deep
frame-level emotion features, modeling the temporal aspects of the speech samples. We
compare the experimental results of these two approaches and contrast them with the
baseline GCN, conducting ablation experiments. We compare the two situations with and
without AAM. Apart from the difference in using LSTM and Bi-LSTM for deep frame-level
emotion feature extraction, all other parameters remain the same. Additionally, we apply
feature averaging every four frames for the IEMOCAP database and every five frames for the
MSP-IMPROV database. The LSTM ablation experiment results and AAM ablation experiment
results on the IEMOCAP database and MSP-IMPROV database are shown in Table 4.

Table 4. LSTM ablation experiment results and adaptive adjacency matrix ablation experiment results
on the IEMOCAP database and MSP-IMPROV database.

IEMOCAP Database MSP-IMPROV Database

Method WA (%) UA (%) WA (%) UA (%)

GCN 64.25 61.15 56.24 54.32
LSTM + GCN 65.18 62.78 56.88 54.83
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Table 4. Cont.

IEMOCAP Database MSP-IMPROV Database

Method WA (%) UA (%) WA (%) UA (%)

BLSTM + GCN 65.61 62.93 57.29 55.46
AAM + GCN 66.03 62.13 57.33 55.18

AAM + BLSTM
+ GCN 66.82 64.21 58.35 56.47

Since the features extracted by Open-SMILE are artificially designed features and do
not cover most emotional information, this part of the experiment extracts deep features
from Open-SMILE-extracted emotional features using LSTM and Bi-LSTM, respectively.
It also models the time of speech samples and compare the experimental results of the
two models. The WA and UA on the IEMOCAP database and MSP-IMPROV database, after
adding LSTM and Bi-LSTM, are better than the baseline GCN. Compared to using LSTM
as the pre-GCN deep feature extraction module to extract deep frame-level features, the
experimental results show that Bi-LSTM as the pre-GCN deep feature extraction module
achieves a higher accuracy.

On both databases, the latter WA are stable approximately 0.5% (p < 0.1) higher than
the former. When not adding AAM, using BLSTM can improve the WA by about 1.4%
(p < 0.05, the confidence interval is (0.74, 2.19)) and UA by about 1.7% (p < 0.01, the
confidence interval is (1.43, 2.04)) on the IEMOCAP database, while using BLSTM can
improve the WA by about 1% (p < 0.05) and UA by about 1.1% (p < 0.01, the confidence
interval is (0.62, 1.50)) on the MSP-IMPROV database. When adding AAM, using BLSTM
can steadily improve the WA by about 1% (p < 0.05) and UA by about 1.2% (p < 0.05) on
both databases.

3.4.3. Ablation Experiment of Adaptive Matrix

In this part, ablation experiments using the adaptive adjacency matrix (AAM) are
conducted. The experiment uses the pre-defined linear graph structure and the adaptive
adjacency matrix (AAM) as the graph structure in both the GCN and BLSTM + GCN,
respectively. The baseline uses a pre-defined undirected linear graph structure [23], and
the adjacency matrix is defined as follows:

A =


0 1 0
1 0 1
0 1 0

· · · 0
· · · 0
· · · 0

...
...

...
0 0 0

. . .
...

· · · 0

 (15)

Table 4 shows the experimental results. On the IEMOCAP database, when BLSTM
is not used, the AAM method improves the WA by about 1.8% (p < 0.01, the confi-
dence interval is (1.40, 2.13)) and UA by about 1% (p < 0.05, the confidence interval is
(0.46, 1.47)). When BLSTM is used, the AAM method improves the WA by about 1.2%
(p < 0.05, the confidence interval is (0.64, 1.84)) and UA by about 1.3% (p < 0.05, the
confidence interval is (0.59, 1.98)). On the MSP-IMPROV database, when BLSTM is not
used, the AAM method improves the WA by about 1.1% (p < 0.05) and UA by about 0.7%
(p < 0.1). When BLSTM is used, the AAM method improves the WA by about 1% (p < 0.05,
the confidence interval is (0.54, 1.62)) and UA by about 1.5% (p < 0.1). In both databases,
the AAM method in the two network models obtains higher WA and UA metrics than the
linear graph method, because AAM can automatically generate a graph structure suitable
for the data characteristics based on the input data. This type of graph relationship evolves
with network training to automatically update node connections that are more suitable for
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emotion recognition tasks [27], while the predefined linear graph cannot adapt to the data.
So AAM can significantly outperform the predefined graph structure.

4. Conclusions

We propose a Temporal-Spatial Learnable Graph Convolutional Neural Network
(TLGCNN) for speech emotion recognition. The TLGCNN first uses the Open-SMILE
toolkit to extract frame-level acoustic emotion features. Then, it employs Bidirectional Long
Short-Term Memory Networks (Bi-LSTM) to further extract temporal dependencies. The
extracted frame-level deep emotion feature vectors are organized into a graph structure,
and Graph Convolutional Networks (GCN) is used to train the features. We adopt an
adaptive adjacency matrix to capture latent spatial connections and employ a sum pooling
layer to model graph-level emotions for speech samples. TLGCNN can simultaneously
improve existing methods in both temporal and spatial dimensions. Experimental results
validate the effectiveness of our approach. In the future, we aim to explore graph structures
more suitable for speech characteristics based on speech emotion features. Additionally,
we plan to extract more useful information using speech pre-training models and utilize
multi-scale speech features for model training.
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