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ABSTRACT

This paper introduces a gradient-based approach for reducing the
dimensionality of acoustic features, tailored for supervised deep
learning models used in speech emotion recognition (SER). This
method allows us to pinpoint the crucial acoustic features that the
network heavily relies on, enabling us to simplify and retrain the
network accordingly. It significantly boosts testing speed, making
real-time SER systems suitable for embedded systems with resource
constraints in speech processing units. The proposed method is
evaluated on four convolutional neural network (CNN)-based deep
learning models, and one of the best results demonstrates a 56.96%
reduction in test time, albeit with a minor 3.81% drop in test accu-
racy. The method is compared with three mainstream dimensionality
reduction techniques across various dimensions, consistently out-
performing them in most scenarios. A Python implementation of the
method is available at https://github.com/hxwangnus/
Grad-based-Dim-Red-for-SER.git.

Index Terms— speech emotion recognition, dimensionality re-
duction, deep neural networks

1. INTRODUCTION

With the advancement of human-machine interaction technology,
we’ve witnessed the emergence of various dialogue systems in our
daily lives, such as Alexa, Siri, and Cortana [1]. Ensuring machines
can perceive human emotions is crucial for making these human-
machine interactions feel natural [2], and one practical approach to-
wards achieving this is through Speech Emotion Recognition (SER)
systems. Past studies have demonstrated the value of SER systems
across several domains [3, 4, 5].

In pursuit of improved SER performance, researchers have ex-
plored diverse acoustic features and classification methodologies
[6]. For instance, Eyben et al. [7] introduced the Geneva Mini-
malistic Acoustic Parameter Set (GeMAPS), initially comprising
62 features but later extended to 88 for further investigations. Re-
searchers have also incorporated various salient, adieu, and spectral
features to enhance recognition accuracy in different SER systems
[8, 9, 10]. As for classification methods, linear classifiers such as
Bayesian Networks, Maximum Likelihood Principle, and Support
Vector Machines (SVM), as well as nonlinear classifiers like Gaus-
sian Mixture Models (GMM) and Hidden Markov Models (HMM),
have been considered [11]. In 2017, Badshah et al. [12] proposed
using deep Convolutional Neural Networks (CNN) to learn spectro-
grams for SER. Their network featured three convolutional layers
and three fully connected layers, achieving an average accuracy of
84.3% on the Berlin dataset. Unlike traditional classifiers, deep
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learning models don’t suffer from increasing model size with larger
training datasets, making them more suitable for embedded systems.
In 2021, Han et al. [13] introduced the attention mechanism to
CNN, integrating Resnet-18 [14], a four-layer CNN, and four multi-
head Transformer encoders into a parallel network, achieving an
80.89% accuracy on the RAVDESS dataset [15]. The trend has also
shifted towards multimodal deep learning models combining video
and speech for training emotion recognition systems [16, 17], as
well as developing specialized models for cross-language emotion
recognition [18].

Despite the continuous improvement in SER system accuracy
through deep learning techniques, this progress has introduced cer-
tain challenges. Many studies rely on empirical selections of features
and models, lacking a systematic approach. Complex features and
models often result in better convergence but at the cost of increased
execution time and memory usage. To address the efficiency of intri-
cate deep learning models, Samek et al. [19] delved into visualizing
deep neural networks to understand and enhance trained models. In
computer vision, Zeiler et al. [20] visualized feature gradients to
identify and leverage important pixels for improving model perfor-
mance. Bertero et al. [21] acknowledged the need for similar inves-
tigations in emotion detection tasks, providing insights into model
activations in time and frequency domains, albeit without substan-
tial improvements in model performance.

To enhance the efficiency of SER models, we introduce a novel
gradient-based dimensionality reduction method designed for acous-
tic features. The key contributions of our work can be summarized
as follows:

* This method enables the systematic selection of pivotal
speech emotional features for outcome prediction of SER,
and subsequently facilitates dimensionality reduction. We
evaluate this method on four CNN-based deep learning mod-
els, demonstrating a significant reduction in recognition time
without sacrificing much accuracy.

* We conduct a comparative analysis, pitting our proposed ap-
proach against three widely recognized mainstream dimen-
sionality reduction methods, across various dimensions. Our
method consistently outperforms these alternatives in most
cases, reinforcing its efficacy as a valuable tool in enhancing
the efficiency of SER models.

2. DIMENSIONALITY REDUCTION METHOD

Fig. 1 depicts the flowchart illustrating our gradient-based dimen-
sionality reduction method. The circles labeled with serial numbers
1 to 4 correspond to four distinct steps in the process. In the initial
step, we compute the activated feature maps for each target emotion
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Fig. 1: Flowchart of the proposed gradient-based dimensionality reduction method.

using the original feature maps, relying on the gradient of the predic-
tion loss. However, the activation of a single speech segment alone
fails to capture the overall activation of the target emotion. Conse-
quently, in the second step, we compute the average of all activated
feature maps related to the target emotion, resulting in an average
activated feature map for that specific emotion, denoted as F;. F}
offers valuable insights into how the model responds to the particu-
lar emotion in terms of feature activation.

Moving to Step 3, we extend this averaging procedure to en-
compass all target emotions, creating an average activated feature
map that encompasses all emotions, denoted as Fou. Fay encapsu-
lates the model’s comprehensive activation response throughout the
entire SER task.

Finally, in the fourth and final step, we pinpoint the region within
F,u; with the highest numerical sum, signifying the portion that sig-
nificantly influences the model’s prediction outcomes. This selected
area then serves as the new input feature map, effectively achieving
dimensionality reduction.

2.1. Acoustic features activation (step 1 - 3 in Fig. 1)

In this paper, we employ CNN-based deep learning models for SER.
The number of output neurons in the final fully connected layer of
the SER model matches the count of emotion categories present
in the training dataset. To elaborate further, let’s consider z =
[z1, 22, ..., zn] be the neuron outputs, where n signifies the number
of emotion categories within the training dataset. In Step 1 of our
method, we calculate the activated feature maps for a specific tar-
get emotion (e;, where ¢ falls within the range [1, n]), based on the
gradients derived from the original feature maps.

To delve into the process, let’s introduce the variable m repre-
senting the number of original audio clips associated with the target
emotion. Each audio clip undergoes processing through a CNN, and
their feature maps are forwarded through the network, with subse-
quent loss propagation via back-propagation techniques [22]. If we
denote the number of input channels for a particular CNN layer as
p and the number of output channels as g, this layer will generate

a total of ¢ feature maps. The gradient of the feature map within
the k%" output channel, designated as G*, is computed during back-
propagation by taking partial derivatives of the feature map A* with
respect to z;:

82t
= 54 (€]
where the index k falls within the range [1, ¢]. Typically, in CNN ar-
chitectures, shallow layers are specialized in capturing fine-grained
details, while deeper layers are geared towards capturing broader,
global information [23]. To maximize the incorporation of global
information, we calculate gradients using the deepest convolutional
layer within the CNN, specifically referring to the last conv2D block
within the CNN module.

To further enhance our capacity to capture global information
while conserving computational resources, we implement global av-
erage pooling on G* across its height and width, which are denoted
by the indices h and w:

ot = i 2 5 Gh @

where we define s; = [s}, 57, ..., s{], with s¥ representing the av-
erage sensitivity between the target emotion e; and the k'" feature
map [24].

The two-dimensional activated feature map for the i*" audio clip
within the target emotion is expressed as follows:

Gk

q
Ff =Y st x A" 3)
k=1

We proceed to compute the activated feature maps for all au-
dio clips within the target emotion e;. Moving on to Step 2, these
maps are then averaged to obtain the average activated feature map
specifically tailored to the target emotion:

_ 1 e
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Continuing to Step 3, we take the average of F} across all emo-
tion categories, resulting in the creation of the average activated fea-
ture map encompassing all emotions:

n

Fur=~3F. 5)

n
t=1

2.2. Feature selection (step 4 in Fig. 1)

While the initial three steps primarily focus on acquiring global in-
formation, the fourth step shifts its emphasis towards local infor-
mation to prevent loss. Here, we employ convolution operations to
pinpoint acoustic features exhibiting strong activation, characterized
by large values within F,,;;, which are crucial for the models to make
accurate predictions.

The dimensionality-reduced feature map is configured as a rect-
angle with a specified height (x) and width (y). To achieve this, we
define a convolution kernel as a rectangle with dimensions matching
the chosen height and width (x and y), with each element in the ker-
nel set to 1. The convolution process takes place between this kernel
and F,y, utilizing a unit stride. As a result, a new matrix is generated
post-convolution, and the coordinates of the maximum value within
this matrix, denoted as (a*,b"), represent the upper-left boundary
coordinates of the desired dimensionality-reduced feature map.

If we consider an element in F,;; situated at row a and col-
umn b with a value of fq5, then the coordinates of the optimal point,
(a*,b*), are calculated as follows:

a+x b+y

(a™,b") = argmaza.p Z Zfab x 1. (6)
a b

Following the completion of the fourth step, the original fea-
ture maps undergo dimension reduction for testing purposes. These
dimension-reduced feature maps are depicted as yellow boxes in Fig.
1, with their corresponding dimensions indicated alongside. The rea-
son to select a continuous local area rather than a feature map com-
posed of discrete points is not only due to a heightened focus on local
information in the fourth step, but also because speech is continuous
time-series data and the horizontal axis in the Mel-spectrogram rep-
resents time, making the selection of a continuous area more logical
than discrete points. Additionally, in the “Activated Feature Maps”
depicted in Fig. 1, the purple regions indicate features with the high-
est activation values, most of which are continuous areas rather than
discrete points.

3. EXPERIMENTS

3.1. Emotional speech dataset preparation

To enhance the generalization capability of our proposed method
across different datasets, we created a composite dataset by amalga-
mating three widely used speech-emotion datasets: RAVDESS [15],
SAVEE [25], and TESS [26]. These datasets exhibit variations in au-
dio lengths and starting frames. Specifically, the RAVDESS dataset
comprises 1440 audio clips contributed by 24 actors (12 females and
12 males). The SAVEE dataset includes 480 audio clips from 4 male
actors, while the TESS Dataset contains 2800 audio clips from 2 fe-
male actresses. In total, our combined dataset encompasses 4720
audio clips, encompassing eight distinct emotions: calmness, happi-
ness, sadness, anger, fear, surprise, disgust, and neutrality.

We utilized the “librosa” library for each audio clip to eliminate
any silent segments. Subsequently, we selected a 3.5-second seg-
ment commencing from the new starting frame as the input, ensuring

uniform segment lengths. The dataset was partitioned into training,
validation, and test sets following an 80:10:10 ratio [13]. We per-
formed data augmentation on the training set to mitigate overfitting,
by adding Gaussian noise to the original audio clips to generate two
additional samples. Consequently, the augmented training set con-
tained 11,313 audio clips, the validation set comprised 471 clips, and
the test set encompassed 478 clips.

For all audio clips, we computed Mel-spectrograms as the origi-
nal feature maps. Mel-spectrogram is a type of spectral feature con-
taining part of prosodic and segmental information. These spectro-
grams were of dimensions 148 x 188, as illustrated in Fig. 1.

3.2. Training with original feature maps

To evaluate the generalization capability of our proposed method
across neural network sizes, we employed four CNN-based deep
learning models with varying levels of complexity. The most in-
tricate model, referred to as CTRL, boasts the highest number of
parameters. CTRL is a parallel network comprising four distinct
components: a four-layer CNN (C), four multi-head self-attention
Transformer encoders (T), Resnet-18 (R), and a two-layer bidirec-
tional LSTM (L). Remarkably, CTRL encompasses over 10 million
trainable parameters, making it one of the most intricate SER net-
works known to us.

To derive the remaining models, we pruned CTRL. Initially,
we removed the Resnet block, resulting in CTL, a parallel network
consisting of four-layer CNN, four multi-head self-attention Trans-
former encoders, and a two-layer bidirectional LSTM. Subsequently,
we eliminated the LSTM block to obtain CT, which comprises a
parallel network composed of four-layer CNN and four multi-head
self-attention Transformer encoders. Lastly, by removing the Trans-
former block, we obtained a four-layer CNN network.

All four models underwent training using the original feature
maps, and we subsequently recorded their test time and accuracy.
Hardware consistency is maintained by employing the same single
CPU for testing. In practical applications, batch inference time can
be used to eliminate the impact of hardware variations.

3.3. Dimensionality reduction

Following the acquisition of the original feature maps and the trained
deep learning models, we proceeded to implement steps 1 through 4
as described in Section 2. Notably, in step 4, we made selections for
the dimensions of the dimensionality-reduced feature maps, which
were set to be 40%, 30%, 20%, and 10% of the original feature
maps. Consequently, this led to specific width and height pairs for
the reduced feature maps, namely (104, 108), (90,93), (74,75),
and (52, 53), respectively. These dimensionality-reduced feature
maps are visually represented as the yellow rectangles in Fig. 1.

For the purpose of comparison, we also implemented three
widely recognized traditional dimensionality reduction methods to
reduce the dimensions of the original feature maps to the same
dimensions of (104, 108), (90,93), (74,75), and (52,53). These
three methods include Principal Component Analysis (PCA) [27],
Autoencoders (AE) [28], and Uniform Manifold Approximation and
Projection (UMAP) [29].

3.4. Retraining with reduced feature maps

To align with the dimensions of the reduced feature maps, we fine-
tuned the parameters of the trained models as minimally as possible,
while keeping the hyperparameters unchanged. This fine-tuning in-
volved reducing the kernel sizes, adjusting the pooling layers’ stride,
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and modifying the dimensions of linear layers. Subsequently, we re-
trained these adapted models using the reduced feature maps ob-
tained from both our proposed method and the three mainstream
methods. Following this retraining, we recorded both the test time
and accuracy for evaluation.

4. RESULTS AND ANALYSIS

Table 1 shows the test time and accuracy of the four CNN-based
deep learning models trained with original feature maps. The test
time refers to the total time for the model to recognize the emotion
of the 478 speech clips in the test set.

Table 1: Test time (s) and accuracy (%) of the four CNN-based
models trained with original feature maps

Model CTRL CTL CT CNN
Time 0411 0.158 0.11  0.083
Accuracy 80.75 82.50 81.38 78.87

4.1. Comparison with original models

Tables 2 and 3 provide a comparative analysis of test time and
test accuracy between models trained with original feature maps
(referred to as “original models” below) and models trained with
dimensionality-reduced feature maps utilizing our proposed method
(referred to as “reduced models” below). To effectively illustrate the
impact of our method, we present the results as either time reduction
or accuracy loss concerning the original models and the reduced
models. This is expressed as:

Xoriginal - X’reduced

Lossx = x 100%, @)

Xoriginal

where, X represents test time in Table 2 and test accuracy in Table
3.

For all models and dimensions, except for CNN with dimen-
sion (104,108) and CTL with dimension (52, 53), the reductions
in test time exceed 50% while incurring a maximum accuracy loss
of no more than 13%. This demonstrates the significant enhance-
ment in recognition efficiency achieved by our method. Notably,
when we reduce the original feature maps to the same dimensions,
the trade-off between test accuracy loss and test time reduction re-
mains consistent across all models, illustrating the generalizability
of our method across models with varying complexities.

Table 2: Reduction in test time (%), between original models and
reduced models.

Dimension CTRL CTL CT CNN
(104, 108) 53.53  56.96 50.00 40.96
(90,93) 63.26 70.89 58.18 53.01
(74,75) 70.80 74.68 6545 71.08
(52,53) 86.62 86.71 81.82 84.34

4.2. Comparison with mainstream methods

Table 4 presents a comparison of test accuracy between models
trained with dimensionality-reduced feature maps using our method
and those using three mainstream methods.

Table 3: Loss in test accuracy (%), between original models and
reduced models.

Dimension CTRL CTL CT CNN

(104,108) 241 381 429 274
(90,93) 682 947 754 3.0
(74,75) 9.5 1201 874 539
(52,53) 1217 1995 1251 981

Across all models and dimensions, except for CTRL with di-
mension (52, 53), our method consistently achieves the highest test
accuracy after dimensionality reduction. This outcome underscores
the superior performance of our method compared to the three main-
stream dimensionality reduction methods in the context of CNN-
based SER networks.

Table 4: Comparison of test accuracy (%), between models reduced
by mainstream methods and models reduced by our method.

Model Dimension PCA AE UMAP Ours
(104,108) 55.16  73.57 56.69 78.80

CTRL (90,93) 56.69 70.43 57.46 75.24
(74,75) 56.35 71.34 57.25 73.36

(52,53) 61.37 71.27 62.27 70.92

(104,108) 44.21 59.48 48.26 79.36

CTL (90,93) 5293 59.14  49.09 74.69
(74,75) 53.35 60.81 52.23 72.59

(52,53) 54.60 64.57 60.46 66.04

(104,108) 57.39 61.79  49.02 77.89

CT (90,93) 54.67 60.39 54.25 75.24
(74,75) 53.56 60.95 54.88 74.27

(52,53) 55.58 64.64 59.14 71.20

(104,108) 6095 64.44 55.72 76.71

CNN (90,93) 57.95 65.83 55.09 76.50
(74,75) 60.18 65.34 54.11 74.62

(52,53) 61.30 66.39 58.79 71.13

5. CONCLUSIONS

In this paper, we introduce an innovative gradient-based approach
for dimensionality reduction of acoustic features. Our method effec-
tively reduces the dimensionality of original feature maps by con-
sidering feature activation strength. The approach significantly en-
hances the efficiency of the recognition process and exhibits adapt-
ability to CNN-based models of varying complexities. Furthermore,
it outperforms three mainstream dimensionality reduction methods
across various dimensions, making it suitable for real-time SER sys-
tems on low-performance embedded systems.

Looking ahead, our future research endeavors will concentrate
on two primary avenues. Firstly, we intend to evaluate the method
on diverse datasets to confirm its generalization capability. Secondly,
we plan to extend the method to encompass non-CNN-based net-
works, broadening its applicability and utility in the realm of SER.
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