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Abstract: Speech emotion recognition (SER) aims to recognize human emotions through in-depth
analysis of audio signals. However, it remains challenging to encode emotional cues and to fuse
the encoded cues effectively. In this study, dual-stream representation is developed, and both full
training and fine-tuning of different deep networks are employed for encoding emotion patterns.
Specifically, a cross-attention fusion (CAF) module is designed to integrate the dual-stream output for
emotion recognition. Using different dual-stream encoders (fully training a text processing network
and fine-tuning a pre-trained large language network), the CAF module is compared to other three
fusion modules on three databases. The SER performance is quantified with weighted accuracy
(WA), unweighted accuracy (UA), and F1-score (F1S). The experimental results suggest that the CAF
outperforms the other three modules and leads to promising performance on the databases (EmoDB:
WA, 97.20%; UA, 97.21%; F1S, 0.8804; IEMOCAP: WA, 69.65%; UA, 70.88%; F1S, 0.7084; RAVDESS:
WA, 81.86%; UA, 82.75.21%; F1S, 0.8284). It is also found that fine-tuning a pre-trained large language
network achieves superior representation than fully training a text processing network. In a future
study, improved SER performance could be achieved through the development of a multi-stream
representation of emotional cues and the incorporation of a multi-branch fusion mechanism for
emotion recognition.

Keywords: speech emotion recognition; dual-stream representation; cross-attention fusion; large
language model; text processing network

1. Introduction

Emotion recognition is important in human speech communication [1], brain–computer
interface [2], human–robot interaction [3], intelligent transportation systems [4], and affec-
tive computing [5]. It is also crucial in physiological signal analysis for certain mental state
prediction in healthcare management [6] and emotional talking-face generation in digital
humanities [7]. In general, accurate recognition of subjective human emotions benefits a
wide range of real-life applications [8].

Human emotion can be conveyed in various ways. It encompasses verbal and non-
verbal modalities in daily communication, such as verbal communication, facial expression,
tone of voice, hand movement, eye contact, and physiological response [8]. Technically
speaking, emotion signals can be captured through audio, video, text, electroencephalogram
(EEG), and other types of routine and clinical recordings [9].

Many multi-modal frameworks [10] have been developed for automated emotion
recognition, since multi-modal representation offers the potential for a thorough and nu-
anced comprehension of emotional states. Liu et al. explore peripheral physiological
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signals, EEG, and facial videos, and emotion dictionary learning with modality attention is
proposed for mixed emotion recognition [11]. Tan et al. consider EEG and facial expres-
sions, and a Monte Carlo simulation is used to merge the prediction probabilities [12]. Liu
et al. incorporate EEG, peripheral physiological signals, electrocardiogram, and movement
features, and deep canonical correlation analysis and bimodal auto-encoder are extended
for multi-modal signal fusion [13]. Emotion recognition has also been devoted to fusing
acoustic, linguistic, and textual information [14], such as speech–text dual-modal frame-
works [15,16], audio–visual–text tri-modal frameworks [17], and multi-modal frameworks
using audio, text, facial expressions, and hand movements [18].

No surprises arise from the fact that multi-modal frameworks have shown promising
performance in emotion analysis [8]. However, in real-world scenarios, most of the afore-
mentioned signals are either unavailable or impractical. For instance, the acquisition of
physiological signals is very complicated, time-consuming, and expensive, and professional
personnel are required in the procedure. Notably, in diverse scenarios, such as psychologi-
cal consultations, medical dialogues, and routine communication, voice recordings often
constitute the primary data available. Therefore, accurate emotion recognition from speech
audio signals is paramount in these contexts [19].

This study focuses on speech emotion recognition (SER). Within the domain of emotion
recognition, audio signals offer numerous advantages. Firstly, audio signals are the easiest
data source among multimedia and physiological signals. These signals encapsulate not
only linguistic content but also emotional cues, including pitch, tone, intensity, tempo,
rhythm, and spectral content. Secondly, emotions expressed through audio signals tend
to be more universal and less language-dependent than those conveyed through text or
facial expressions. This universality makes audio signals valuable for emotion recognition
across diverse cultures and languages. In other words, audio signals hold the potential
for accurate emotion recognition, non-contact medical diagnosis, and human–computer
interaction, providing diverse benefits across healthcare and technology applications [8].

A large number of SER algorithms have been proposed [1]. In terms of speech sig-
nal representation techniques, the algorithms can be categorized into single-, dual-, and
multi-stream groups. Most existing approaches exploit single-stream representation to
unearth emotional cues. (a) Traditional methods extract acoustic features, such as low-level
description features, high-level statistical features, and spectrum features [20], followed
by feature selection [21] and machine learning [22]. Spectrum features, including Mel-
frequency cepstral coefficients (MFCCs) and Mel spectrograms, represent time–frequency
changes in the frequency domain [20]. However, these features are prone to fit emotion-
independent noise during model training [23]. Based on MFCC features, Sha et al. [24]
introduce a time–frequency domain convolution module that uses hybrid dilated convo-
lution to expand the receptive field of neurons and to enhance the feature richness and
diversity. In addition, several toolboxes are available for crafting these commonly used
audio signal features [25,26]. (b) Deep learning methods recast SER as an end-to-end
optimization procedure for learning spatial, temporal, or joint feature representation [27].
Some works hand-craft the short-timeframe-level acoustic features and aggregate these
features into an utterance-level representation using recurrent neural networks (RNNs) and
local attention modules [28]. Liu et al. [29] design a one-dimensional convolutional neural
network (CNN) to explore multi-scale and multichannel feature extraction for emotion
classification. Some works quantify the audio as spectrogram images, and SER is treated
as a deep-learning-based image classification problem [23,30]. Some works are driven
by textual features. To capture the audio changes in time and frequency domains, these
works transcribe speech into text, and language models are used to predict the emotion
from the text [31]. However, without text carriers, the procedure of transcription might
cause information loss, thereby reducing the SER accuracy [32]. (c) A hot topic is to explore
lightweight large language models (LLMs), such as Bidirectional Encoder Representa-
tions from Transformers (BERT) [33], hidden-unit BERT (HuBERT) [34], wave to vector
(Wav2Vec) [35], and Wav2Vec 2.0 (Wav2Vec2) [36]. Xia et al. [37] exploit learned features
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from pre-trained Wav2Vec, which outperforms several traditional methods. Chen et al. [38]
learn the contextualized emotional representation by fine-tuning Wav2Vec2. Sun et al. [39]
implement a feed-forward network with skip connections to fine-tune Wav2Vec2 for emo-
tion embeddings, and a contrastive-learning-based function is designed for discriminative
feature representation. Pepino et al. [40] develop a transfer learning method in which
features are extracted from pre-trained Wav2Vec2, and the framework transcribes speeches
into text for final emotion prediction. Ma et al. [41] select data2vec [42] as a backbone and
use generated congruent text and speech from a generative pre-trained Transformer (GPT)
model [43] and an emotional text-to-speech model for data generation and augmentation to
boost the SER performance. Feng and Narayanan [44] use multiple foundation models to
assist speech emotion classification by curation covering transcribing, emotion annotation,
and data augmentation.

To fully utilize the single modality of audio signals, dual- or multi-stream frameworks
are implemented by using different perspectives of audio representation. This might come
from the multi-timescale audio segment analysis for cepstral features, spectrogram images,
and text transcription. Chen et al. use a log-Mel spectrogram and transcribe text for speech
representation, and a multi-scale strategy of feature fusion and ensemble learning is applied
to improve the performance [45]. Hu et al. propose a joint network combining pre-trained
and spectrum-based networks, and an interactive attention module is designed for effective
fusion of dual-stream output [19]. Tellai et al. introduce a dual-stream CNN-Transformer
fusion network which captures both spatial and temporal information by disentangling
long-distance MFCCs and Mel spectrograms [46]. Zou et al. extract three levels of acoustic
information (MFCCs, spectrogram images, and audio waves) using different deep encoders,
followed by concatenation for feature fusion and emotion recognition [47].

Even though remarkable SER performance has been achieved, how to represent speech
signals comprehensively and how to integrate encoded features effectively remains a
challenge [14,48]. To address these issues, this study employs a dual-stream representation
to unearth emotional cues. One stream uses full training of a text processing network for
encoding the log-Mel spectrograms, and the other employs fine-tuning of a pre-trained
LLM for representing audio signals. Furthermore, a cross-attention fusion (CAF) module is
designed for effective integration of the dual-stream outputs. On three databases, extensive
experiments are conducted to validate the effectiveness of the dual-stream encoder, the
CAF module, and the proposed SER framework. The contributions of this study can be
summarized as follows:

1. Dual-stream representation is designed. It fully trains a text processing network and
fine-tunes a language processing network for encoding emotional cues in audio.

2. A novel feature fusion module CAF is developed. It enables feature dimensionality
alignment and generates a more informative representation for emotion recognition.

3. The proposed SER framework is validated on three public databases and achieves
promising performance.

The remainder of this paper is organized as follows. Section 2 presents the relevant
techniques of speech emotion representation and dual-stream feature fusion. Specifically,
three dual-stream fusion modules are introduced, including summarization (“SUM”),
concatenation (“CON”), and feature-wise linear modulation (FiLM) [49]. Section 3 describes
the proposed dual-stream representation and CAF module. Data collection, experiment
design, performance evaluation, and implementation details are presented in Section 4.
The SER performance on the databases is reported from an ablation study and current
achievements in Section 5. After that, the results and limitations are discussed in Section 6,
and the study is concluded in Section 7.

2. Related Techniques

For dual- and multi-stream algorithms, feature fusion is important, since valid inte-
gration of emotional cues helps improve the SER performance. This section introduces the
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related techniques on how to encode emotional patterns in audio signals and on how to
integrate dual- or multi-stream output features.

2.1. Speech Emotion Representation

Diverse approaches have been proposed for encoding emotional cues in audio sig-
nals, including audio feature extraction methods [25,26] and deep-learning-based spatial,
temporal, and joint feature representation methods [27].

Fine-tuning a pre-trained deep network is preferable for encoding emotion patterns.
One representative is BERT [33], which has been pre-trained by using a large-scale corpus
for learning general expression and strong feature representation. To standardize the
segmentation of an audio utterance, HuBERT [34] explores audio clustering to generate
discrete labels by adapting the data and labels into the loss calculation. Moreover, a masked
loss model is used to restore the randomly masked parts of encoded features and the
learned acoustic information in continuous data. Another representative is Wav2Vec [35]
which borrows a masked CNN and a contrastive learning objective. It employs a context
window and masked training objective to predict contextually relevant representations,
and quantization is performed using vector quantization. By incorporating Transformers,
Wav2Vec2 [36] has demonstrated improvement in learning more robust and useful speech
representations. It designs the source of negative samples and the temperature annealing
schedule followed by the quantification of the encoder output, and meanwhile, both
contrast loss and diversity loss are used in the training phase.

On the other hand, text processing networks have rarely been used in audio signal
representation [5]. In this study, two networks are investigated. One is the deep pyramid
CNN (DPCNN) [50]. This consists of a stack of convolutional layers and shortcut connec-
tions, and the shortcut connections are used to mitigate the vanishing gradient problem.
DPCNN has shown effectiveness in capturing both local and global contextual information
for sentiment analysis [51]. The other text processing network is the text region CNN (Tex-
tRCNN) [52], which combines bidirectional RNN layers and convolutional layers. It uses
the context information from both left and right directions to capture semantic information.
TextRCNN has shown good performance in understanding of sequential dependencies and
contextual information for sentiment analysis.

To the best of our knowledge, the utilization of text processing networks (DPCNN [51]
and TextRCNN [52]) to encode emotional cues in speech audio signals represents a pioneer-
ing application, while the pre-trained networks of HuBERT [34] and Wav2Vec2 [36] have
been widely used in speech emotion representation [5].

2.2. Dual-Stream Feature Fusion

Dual-stream representation of one single modality is described, and any representation
method is denoted as a transfer function f with a specific name. Assume Bs training samples
{(xi, yi)}Bs

i=1, xi is a sample and yi is its label. Using different representation methods (F1

and F2), we obtain xγ ∈ RDγ and xβ ∈ RDβ to the input sample xi, as shown in Equation (1).
The outputs xγ and xβ have different dimensions, Dγ and Dβ.

xγ = fF1(xi)

xβ = fF2(xi)
(1)

After that, fully connected models (FC1 and FC2) are designed for aligning the feature
dimensionality, as shown in Equation (2):

x′γ = fFC1(xγ)

x′β = fFC2(xβ)
(2)

where x′γ ∈ RDm and x′β ∈ RDm have the same feature dimensionality as Dm.
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Finally, the features (x′γ and x′β) are fused. One widely used fusion paradigm is the
SUM operation (Equation (3)),

O = x′γ + x′β ∈ RDm (3)

or the CON operation (Equation (4)),

O = [x′γ; x′β] ∈ R(2Dm) (4)

of the output features. It should be noted that the fusion paradigm of concatenation could
be used to fuse features of different dimensionalities.

The fusion paradigm of SUM and CON is simple and intuitive, while it might cause
a bit of controversy. Even though the intermediate features are from the same network
architecture, they are learned from different modalities or representations. Rough SUM
or CON is prone to information conflicts, and the fused features become meaningless,
potentially impeding model learning.

To address this issue, a dual-stream feature fusion strategy FiLM is developed [49].
The two features x′γ and x′β are split into two equal-sized parts as

x′γ = [υx′γ ; ωx′γ ]

x′β = [υx′β
; ωx′β

]
(5)

where υx′γ , ωx′γ , υx′β
, and ωx′β

are Dm
2 -dimensional features. After that, new feature vectors

are constructed as below:
x′′γ = (υx′γ ⊙ ωx′β

)⊕ ωx′γ

x′′β = (υx′β
⊙ ωx′γ)⊕ ωx′β

(6)

where x′′γ ∈ R
Dm

2 , x′′β ∈ R
Dm

2 , ⊙ is the Hadamard product, and ⊕ denotes matrix addition.
Finally, the output feature is formed by splicing x′′γ and x′′β using a simple CON fusion as

Out = [x′′γ; x′′β ], (7)

where Out ∈ RDm .
In a word, the procedure of FiLM-based feature fusion consists of feature splitting

(Equation (5)), re-construction (Equation (6)), and simple concatenation (Equation (7)).

3. The Proposed Method

The proposed framework is shown in Figure 1. It consists of dual-stream represen-
tation of audio signals and the CAF module of encoded cues. This section introduces the
details of dual-stream representation using full training and fine-tuning of deep networks
as well as the computation behind the CAF module. Any representation network in this
section is treated as a mapping function f with a specific name.

3.1. Dual-Stream Representation of Audio Signals

Dual-stream representation consists of two subdivisions of feature encoding, as shown
in Figure 1. Encoder A explores the temporal nature of speech, and DPCNN or TextRCNN
is used as the encoder after the log-Mel spectrogram images are computed. Encoder B
utilizes a pre-trained language model, HuBERT or Wav2Vec2, to encode the emotional cues
buried in the original audio signals.
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Figure 1. The structure of the proposed SER framework that uses dual-stream representation of
speech audio signals and cross-attention fusion of encoded emotional cues for emotion classification.

Assuming original speech audio signals xw = {xi}Bs
i=1, encoder A is made up of three

steps. The first step uses flogMel to compute the log-Mel spectrogram images,

Ms_w = flogMel(xw), (8)

and the spectrogram images are reshaped ( freshape) and normalized ( fnorm) as the input of
the text processing networks:

Mn
s_w = fnorm( freshape(Ms_w)). (9)

For encoding emotion patterns buried in the speech signals, the network could be
DPCNN [50]. It ( fDPCNN) takes a batch of pre-processed two-dimensional log-Mel spectro-
gram images ([b, c, h, w]) as the input:

xγ_w = fDPCNN(Mn
s_w). (10)

An alternative is TextRCNN [52]. It ( fTextRCNN) uses the squeeze images as its input
(Equation (11)). The image patch is adjusted from [b, c, h, w] to ([b, h, w]), since the log-Mel
spectrogram images are grayscale and the channel number is c = 1.

xγ_w = fTextRCNN(Mn
s_w). (11)

In Equations (10) and (11), b denotes the batch size, c is the channel number of an
image, and [h, w], respectively, indicate the image height and width.

As for encoder B, since LLMs (HuBERT or Wav2Vec2) have been pre-trained on related
large databases, the models need to be fed with the training samples xw for fine-tuning and
emotion encoding using HuBERT [34],

xβ_w = fHuBERT(xw), (12)

or using Wav2Vec2 [36],
xβ_w = fWav2Vec2(xw). (13)

In the end, xγ_w and xβ_w perform as the input of the CAF module. After the probabil-
ity normalization of fusion results, the speech emotion is predicted. The procedure can be
generally described as

Emo = fsoftmax( fCAF(xγ_w, xβ_w)). (14)

In summary, encoder A consists of computing the log-Mel spectrograms (Equation (8)),
reshaping and normalization of spectrograms (Equation (9)), and emotion encoding using
text processing models (Equation (10) or Equation (11)); encoder B utilizes the fine-tuning
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of pre-trained models (Equation (12) or Equation (13)), and the dual-stream outputs are
fused and the framework is trained towards speech emotion prediction (Equation (14)).
How to define the output of the CAF module is described in Equation (20).

3.2. Cross-Attention Fusion of Encoded Cues

The CAF module is designed for integrating the dual-stream outputs towards emotion
classification. It enables feature dimensionality alignment and yields a new feature vector.
Figure 2 shows the feature fusion workflow for dual-stream representation.

Figure 2. The structure of the proposed CAF module for dual-stream output integration.

The widely used “scaled dot-product attention” [53] practically requires transforming
the three matrices of queries (Qs), keys (Ks), and values (Vs) into an output vector. In
general, it computes the dot product of the query Q with all keys Ks, which is then divided
by

√
dk (dk, the dimension of queries), and finally, a softmax layer ( fsoftmax) is applied to

tune the weights on the values V. The attention can be computed as shown in Equation (15).

Attention(Q, K, V) = fsoftmax(
QKT
√

dk
)V. (15)

The proposed CAF is different from the traditional attention mechanism. It treats
the output of the dual-stream network, Q1 (Q1 = xγ_w ∈ RBs×D1) and Q2 (Q2 = xβ_w ∈
RBs×D2), as the module input. D1 and D2 indicate the feature length or dimensionality of
one encoded audio sample in Q1 and Q2, respectively. Using full connection layers (FCk1
and FCk2 ), xγ_w and xβ_w are mapped to obtain the matrices K1 and K2 as

K1 = fFCk1
(xγ_w)

K2 = fFCk2
(xβ_w)

(16)

where K1 ∈ RBs×D3 and K2 ∈ RBs×D3 , and thereby, the features are embedded and aligned
with the same dimensionality D3.

Then, xγ and xβ are spliced. The matrix V is obtained after feature transformation of
the splicing vector using a full-connection layer FCV ,

V = fFCv([xγ_w; xβ_w]), (17)

where V ∈ RBs×D3 .
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After that, we extract the weights WFCv (WFCv ∈ RD3×(D1+D2)) and the bias bFCv

(bFCv ∈ RD3 ) of the feature transformation network FCv, and split them in alignment with
the dimensions of xγ_w and xβ_w:

WFCv = [Wγ_w
FCv

; Wβ_w
FCv

]

bFCv = [bγ_w
FCv

; bβ_w
FCv

]
(18)

where Wγ_w
FCv

∈ RD3×D1 , Wβ_w
FCv

∈ RD3×D2 , bγ_w
FCv

∈ RD3 , and bβ_w
FCv

∈ RD3 .
Next, we calculate the cross-attention score by using a new attention function, which

is defined as

fCAttention(Qi, Ki, W j
FCv

, bj
FCv

) = ((Qi ⊗ (W j
FCv

)T)⊕ bj
FCv

)⊕ Ki, (19)

where ⊗ denotes matrix multiplication. The final fusion feature is formulated as

Out =
{(1,γ_w),(2,β_w)}

∑
(i,j)

fCAttention(Qi, Ki, W j
FCv

, bj
FCv

), (20)

where Out ∈ RBs×D3 . Consequently, the outputs from the top (1, γ_w) and bottom (2, β_w)
branches are summed to generate the new features.

Generally, the workflow includes feature mapping (Equation (16)), feature splicing
(Equation (17)), splitting for dimension alignment (Equation (18)), cross-attention score
computing (Equation (19)), and feature fusion (Equation (20)). Finally, the procedure of the
CAF module generates new features as the intermediate output ( fCAF(xγ_w, xβ_w) = Out)
in Equation (14) for final emotion prediction.

4. Materials and Methods

This section introduces the three databases, experiment design and dataset division,
metrics for performance evaluation and comparison, and the implementation details of the
proposed SER framework.

4.1. Databases

The first database, the Berlin Database of Emotional Speech (EmoDB) [54], is a German
emotional speech database. It was created by the Institute of Communication Sciences of
the Technical University of Berlin in Germany. The database has been available since 2005.
It involves 10 professional speakers (5 females and 5 males) in speech recording. Each
speaker produced five short and five long sentences in an anechoic chamber. The sentences
or sessions are used in daily communication. High-quality equipment was used to record
the utterances in addition to the sound electro-glottograms. The database contains around
800 German utterances in 7 categories of emotions (“happy”, “angry”, “anxious”, “fearful”,
“bored”, “disgusted”, and “neutral”).

The second database is the Interactive Emotional Dyadic Motion Capture (IEMOCAP)
database [55]. It was created by the Speech Analysis and Interpretation Laboratory at the
University of South California. The database has been accessible since 2008. It was recorded
by 10 actors (5 males and 5 females) during five dyadic sessions. The database contains
≈ twelve hours of recordings, and a segment labeled by three to four human evaluators
lasts for three to fifteen seconds. Notably, each dialog in the database contains audio,
transcriptions, video, and motion-capture recordings. The recorded dialogues have been
segmented into utterances and labeled as ten categories. In this study, the 5531 audio files
of 4 categories of emotions (“happy + excited”, “sad”, “neutral”, and “angry”) are used.

The last database, the Ryerson Audio-Visual Database of Emotional Speech and Song
(RAVDESS) [56], has been available online since 2018. The database involves 24 professional
actors (12 females and 12 males) speaking two lexically matched sentences in a neutral
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North American accent. The sentences or the two sessions are “Kids are talking by the
door” and “Dogs are sitting by the door”. It consists of more than seven thousand audio
and video clips. The database is provided in three modalities of audio-only, audio–video,
and video-only (no sound) in two types (speech and song). The audio files are in lossless
wave format, and each file lasts for about three seconds. This study was conducted on the
speech-type data (2452 files) with 8 categories of emotions (“neutral”, “calm”, “happiness”,
“sadness”, “anger”, “fear”, “disgust”, and “surprise”).

4.2. Experiment Design

Extensive experiments were conducted by using single- and dual-stream represen-
tation with different feature fusion modules. In detail, we trained the framework using
single-stream representation of log-Mel spectrograms or audio signals with different net-
works (full training of TextRCNN [52] or DPCNN [50], or fine-tuning of HuBERT [34]
or Wav2Vec2 [36]). Then, we carried out experiments with dual-stream representations
of log-Mel spectrograms and speech audio signals in combination with different fusion
modules. Finally, literature screening was used for summarizing recent unimodal SER
achievement on these databases.

4.3. Performance Evaluation

Three metrics were employed for performance evaluation. Weighted accuracy (WA)

is the overall accuracy of all samples (WA = ∑k
i=1 ni

∑k
i=1 Ni

), unweighted accuracy (UA) is the

average accuracy of each emotion category (UA = ∑k
i=1 ni/Ni

k ), and F1-score (F1S = 2PR
P+R )

is the harmonic mean of precision (P) and recall (R) that gives more weight to the lower
value. Ni denotes the number of utterances in the i-th class, ni is the number of correctly
classified utterances in i-th class, and k means the number of emotion classes. The met-
ric values of WA, UA, and F1S range from 0 to 1, and a higher value indicates better
recognition performance.

4.4. Implementation Details

Speech audio signals are sampled at 16 kHz at the utterance level without multi-
timescale segment analysis. For the log-Mel spectrogram images, a Hanning window
with a hop length of 512 ms and a discrete Fourier transform of length 2048 are applied.
A log-Mel spectrogram image is presented with an [h, w] matrix for each signal, and
h = w = 224.

For encoder A, the size of the input matrix is [b, c, h, w], c = 1, and the batch size
is b = 64. The convolution kernel size of DPCNN is modified to 3 × 224, and its other
parameters remain unchanged. As for TextRCNN, for model computing compatibility, the
input matrix size is squeezed to [b, h, w]. In addition, the input dimension of the Bi-LSTM
is set to 768, the number of hidden units is 384, and the rest of the parameters are set to
default values. The other parameters are kept the same.

For encoder B, HuBERT and Wav2Vec2 have been pre-trained on LibriSpeech [57], and
the models were downloaded from HuggingFace [58]. The codes are implemented with
PyTorch (version 2.0.0). The optimizer is AdamW [59], and all the hyperparameters are
fine-tuned with the learning rate 10−4.

Since different numbers of actors are recorded in the databases (10 speakers in EmoDB,
10 speakers in IEMOCAP, and 24 speakers in RAVDESS), we use the leave-one-speaker-out
cross-validation technique for verifying the effectiveness of the proposed SER framework.
The technique offers a rigorous evaluation of SER performance and ensures a fair assess-
ment of the model’s generalization ability to new speakers.

The proposed framework is implemented with PyTorch (version 2.0.0). The codes are
run on a Kaggle Notebook with a 16 GB GPU card (NVIDIA Tesla P100). Our codes are
available on GitHub (https://github.com/NicoYuCN/SERcaf, accessed on 29 May 2024).

https://github.com/NicoYuCN/SERcaf
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5. Results

This section reports the results of an ablation study when using different single- and
dual-stream representation encoders as well as the current achievements on the three
databases (EmoDB, IEMOCAP, and RAVDESS). It should be noted that in the ablation
studies, the highest metric values of the SER frameworks are presented in boldface, while
the metric values of the top-tier works are underlined to highlight recent achievements in
the databases.

5.1. On the EmoDB Database

Table 1 shows the ablation study on the EmoDB database. It is found that fine-tuned
HuBERT leads to the best prediction (WA, 0.8692; UA, 0.8806; F1S, 0.8804), followed by
Wav2Vec2, when using the single-stream representation. Specifically, HuBERT outperforms
TextRCNN by a large margin (WA, ≈ 0.28 ↑; UA, ≈ 0.34 ↑; F1S, ≈ 0.32 ↑).

Table 1. Ablation study on the EmoDB database.

WA UA F1S

TextRCNN (full
training) 0.5888 0.5401 0.5640

DPCNN (full
training) 0.6449 0.6477 0.6610

HuBERT
(fine-tuning) 0.8692 0.8806 0.8804

Wav2Vec2
(fine-tuning) 0.8598 0.8634 0.8687

HuBERT + DPCNN

CON 0.9252 0.9177 0.9198
SUM 0.9439 0.9333 0.9446
FiLM 0.8785 0.8890 0.8823
CAF 0.9720 0.9721 0.9764

HuBERT + TextRCNN

CON 0.9065 0.9037 0.9115
SUM 0.9159 0.9151 0.9205
FiLM 0.8037 0.8184 0.8307
CAF 0.9259 0.9253 0.9264

Wav2Vec2 + DPCNN

CON 0.9065 0.9047 0.9184
SUM 0.9252 0.9136 0.9250
FiLM 0.8224 0.8206 0.8363
CAF 0.9346 0.9317 0.9385

Wav2Vec2 + TextRCNN

CON 0.8879 0.8597 0.8713
SUM 0.8318 0.8161 0.8289
FiLM 0.8598 0.8424 0.8536
CAF 0.9159 0.8947 0.8971

When using dual-stream representation, CAF obtains higher metric values than the
other three modules regardless of the encoder. This leads to the best result when HuBERT +
DPCNN performs the emotion encoder (WA, 0.9720; UA, 0.9721; F1S, 0.9764). Using FiLM
leads to the lowest values, while its result is superior to the best single-stream model.

Compared to the best single-stream representation framework (HuBERT), dual-stream
representation (HuBERT + DPCNN) enriches emotion encoding and leads to obvious
improvement when CAF is used for feature fusion. The metric values are increased from
0.8692 to 0.9720 (WA, ≈ 0.10 ↑), from 0.8806 to 0.9721 (UA, ≈ 0.09 ↑), and from 0.8804 to
0.9764 (F1S, ≈ 0.10 ↑).

Table 2 lists representative works on the EmoDB database. The proposed framework
obtains the state-of-the-art performance, comparable to [46], which is followed by the work
in [60–62]. Specifically, Ref. [62] presents speech signals with MFCC features, learns multi-
scale contextual affective representation, and uses dynamic feature fusion for emotion
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classification. Ref. [61] extracts various kinds of features, such as MFCCs, chromagrams,
Mel-scale spectrograms, and spectral contrast features, and uses 1D CNN for emotion
identification. Ref. [46] proposes dual-stream CNN-Transformer fusion and explores both
spatial and temporal cues from MFCCs and Mel spectrogram features. Ref. [60] designs
dual-stream representation from different kinds of multi-level wavelet coefficients, and
discriminative features are selected using iterative neighborhood component analysis for
emotion prediction.

Table 2. Current achievements on the EmoDB database.

WA (%) UA (%) Year

[63] 84.49 83.31 2020
[64] 86.10 2020
[65] 69.72 2020
[66] 88.78 2021
[60] 90.09 89.47 2021
[61] 92.51 2022
[62] 95.70 95.17 2023
[46] 97.6 97.5 2023
[67] 87.89 87.14 2024
(HuBERT + DPCNN) + CAF 97.20 97.21 2024

5.2. On the IEMOCAP Database

Table 3 shows the ablation study on the IEMOCAP database. Using a single-stream
representation, fine-tuned Wav2Vec2 obtains the best result (WA, 0.6269; UA, 0.6561; F1S,
0.6414), followed by fine-tuned HuBERT. Specifically, fine-tuned Wav2Vec2 leads to better
results than fully trained TextRCNN (WA, ≈ 0.09 ↑; UA, ≈ 0.10 ↑; F1S, ≈ 0.09 ↑).

Table 3. Ablation study on the IEMOCAP database.

WA UA F1S

TextRCNN (full
training) 0.5375 0.5502 0.5504

DPCNN (full
training) 0.5537 0.5718 0.5635

HuBERT
(fine-tuning) 0.6161 0.6283 0.6254

Wav2Vec2
(fine-tuning) 0.6269 0.6561 0.6414

HuBERT + DPCNN

CON 0.6061 0.6318 0.6194
SUM 0.5935 0.6098 0.6133
FiLM 0.5944 0.5950 0.6092
CAF 0.6242 0.6442 0.6512

HuBERT + TextRCNN

CON 0.6161 0.6268 0.6257
SUM 0.6378 0.6490 0.6544
FiLM 0.5673 0.5640 0.5797
CAF 0.6965 0.7088 0.7084

Wav2Vec2 + DPCNN

CON 0.6070 0.6123 0.6225
SUM 0.6025 0.6102 0.6085
FiLM 0.5772 0.5865 0.5886
CAF 0.6242 0.6348 0.6377

Wav2Vec2 + TextRCNN

CON 0.5891 0.6235 0.6234
SUM 0.6079 0.6248 0.6211
FiLM 0.5763 0.6078 0.5964
CAF 0.6405 0.6523 0.6540

When using dual-stream encoders, CAF achieves better performance than the other
modules. When HuBERT + TextRCNN performs the emotion representation, CAF leads to
the best result (WA, 0.9720; UA, 0.9721; F1S, 0.9764).
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In comparison to the best single-stream model (Wav2Vec2), dual-stream representation
(HuBERT + TextRCNN) enriches emotion encoding, and good improvement is obtained
with the CAF for emotion recognition. The values are increased by up to 11.10%, 8.03%,
and 10.45% on WA, UA, and F1S, respectively.

Table 4 shows the achievements on the IEMOCAP database. The proposed framework
achieves competitive performance compared to several studies, such as [19,47,62,68], while
their results are obviously inferior to [69]. Among the works, Ref. [69] uses multi-scale
MFCC features and develops a multi-unit attention module for re-weighting the features
in terms of time, frequency, and channel dimensions; Ref. [19] designs a dual-stream
representation from pre-trained and spectrum-based encoders and proposes an interactive
attention module for fusing the intermediate features; Ref. [47] extracts tri-stream acoustic
information of MFCCs, spectrograms, and high-level information; and [68] fuses static and
dynamic features in a hierarchical network using three different modules.

Table 4. Current achievements on the IEMOCAP database.

WA (%) UA (%) Year

[63] 66.92 64.51 2020
[64] 64.30 2020
[68] 70.50 72.50 2021
[37] 65.4 66.9 2021
[66] 70.46 2021
[47] 71.64 72.70 2022
[61] 66.64 2022
[69] 82.46 80.45 2022
[62] 71.65 72.50 2023
[70] 70.50 71.51 2023
[19] 72.48 73.32 2023
[41] 68.85 71.89 2024
(HuBERT + TextRCNN) + CAF 69.65 70.88 2024

5.3. On the RAVDESS Database

Table 5 shows the ablation study on the RAVDESS database. Fine-tuned HuBERT is
the best single-stream method (WA, 0.7351; UA, 0.7341; F1S, 0.7324), and fine-tuned LLMs
lead to superior results compared to fully trained models.

Using the dual-stream encoder HuBERT + DPCNN, CAF achieves the best perfor-
mance (WA, 0.8186; UA, 0.8275; F1S, 0.8284). It leads to higher values than the other three
fusion modules. However, 10 out of the 16 dual-stream representation frameworks cause
worse results than the single-stream model of fine-tuned HuBERT.

Compared to the best single-stream representation framework of fine-tuned HuBERT,
the dual-stream representation HuBERT + DPCNN enriches the emotion encoding and
leads to obvious improvement when CAF performs feature fusion. The metric values are
increased from 0.7351 to 0.8186 (WA, ≈ 0.08 ↑), from 0.7341 to 0.8275 (UA, ≈ 0.09 ↑), and
from 0.7324 to 0.8284 (F1S, ≈ 0.10 ↑).

Table 6 lists representative works on the RAVDESS database. It is found that the studies
in [46,62] obtain the best performance, followed by [40,60,69], and our work. Notably,
Ref. [40] uses pre-trained Wav2Vec2 without parameter fine-tuning; Ref. [62] is a temporal-
aware bidirectional multi-scale network with single-stream temporal emotional modeling
and its performance surpasses the second-best network [60], with an improvement of more
than 4.5%.
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Table 5. Ablation study on the RAVDESS database.

WA UA F1S

TextRCNN (full
training) 0.5661 0.5614 0.5604

DPCNN (full
training) 0.6562 0.6484 0.6638

HuBERT
(fine-tuning) 0.7351 0.7341 0.7324

Wav2Vec2
(fine-tuning) 0.7118 0.7158 0.7066

HuBERT + DPCNN

CON 0.7292 0.7294 0.7219
SUM 0.7708 0.7676 0.7638
FiLM 0.7257 0.7169 0.7277
CAF 0.8186 0.8275 0.8284

HuBERT + TextRCNN

CON 0.6667 0.6754 0.6816
SUM 0.6841 0.6634 0.6635
FiLM 0.7604 0.7522 0.7545
CAF 0.7812 0.7881 0.7868

Wav2Vec2 + DPCNN

CON 0.7118 0.7151 0.7075
SUM 0.7083 0.6913 0.7082
FiLM 0.7014 0.6912 0.6923
CAF 0.7674 0.7729 0.7717

Wav2Vec2 + TextRCNN

CON 0.7188 0.7191 0.7165
SUM 0.7083 0.7024 0.7014
FiLM 0.6528 0.6551 0.6572
CAF 0.7292 0.7229 0.7198

Table 6. Current achievement on the RAVDESS database.

WA (%) UA (%) Year

Deep-CNN [64] 71.61 2020
CNN-LSTM [65] 53.08 2020
QCNN [66] 77.87 2021
TSP-INCA [60] 87.43 87.43 2021
Wav2Vec2-PT [40] 84.3 2021
MLAnet [69] 84.48 83.55 2022
TIM-Net [62] 92.08 91.93 2023
DS-CTFN [46] 97.7 97.6 2023
NWS graph [67] 76.45 75.79 2024
(HuBERT + DPCNN) + CAF 81.86 82.75 2024

6. Discussion

A novel SER framework is developed for addressing the challenges in emotion en-
coding and feature fusion of speech signals. It embraces dual-stream representation for
comprehensive quantification of emotional cues and designs a CAF module for effective
integration of encoded features (Figure 1). Specifically, the dual-stream encoder employs a
fully trained network and a pre-trained network, and the CAF merges the encoder output
(Figure 2) for recognizing subjective emotions.

The effectiveness of the proposed SER framework has been verified by its promising
performance. On EmoDB, it achieves a top-tier result, even if it is slightly inferior to the best
one (Table 2). On IEMOCAP, the framework is competitive with the state-of-the-art works
(Table 4). On RAVDESS, there is still room for improvement when using the proposed
model (Table 6). On the databases, screening of the literatur suggests that Refs. [46,62]
remains the best, followed by the proposed framework. Two other notable networks are
proposed in [60,69]. The former employs multi-level wavelet decomposition and coefficient
selection, and the latter uses domain-specific features and multi-unit attention-based re-
weighting. Interestingly, both [62,69] present single-stream representations and multi-scale
MFCC features are analyzed, while the proposed network and [46,60] develop dual-stream
representations. The comparison result inspires us that combining comprehensive analysis
and dual-stream representation could further improve the performance.
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The ablation study suggests that CAF outperforms the other three fusion modules
(Tables 1, 3 and 5). It should be admitted that “SUM” and “CON” are widely used. How-
ever, significant inconsistency exists in the scales and semantics of feature representation.
For instance, in the current study, dual-stream output features from audio signals and spec-
trogram images express different kinds of embedding information (Figure 1). To address
this problem, FiLM [49] develops a feature-wise affine transformation layer to influence
network computation; however, it seems to fail in feature integration, as shown by its infe-
rior performance. Different from FiLM, the proposed CAF employs matrix transformation
to tackle the inconsistency by representing features in a unified space, and the weights and
biases of the transformation matrix are split, aligned, and then, added according to the
dimensions of the input features. Its superiority has been verified in the ablation study and
the literature screening study, while its generalization on dual-stream or dual-modality
feature fusion requires further investigation.

Dual-stream encoding combined with the CAF module achieves improved recognition
performance compared to single-stream representation (Tables 1, 3 and 5). In addition to
the importance of the CAF module, dual-stream representation is helpful for embedding
emotional cues. Among single-stream representations, fine-tuned LLMs (HuBERT and
Wav2Vec2) are consistently better than fully trained text processing networks (TextRCNN
and DPCNN). The reasons are manifold. Firstly, LLMs have been pre-trained with the
corpus LibriSpeech [57] which consists of around 1000 h of speech audio, 803 million tokens,
and 900,000 distinct words. Secondly, LLMs embedded with advanced modules and novel
loss functions and training strategies have been verified to have good generalization on
many affective computing tasks [5], even if trained with a relatively small number of data
samples towards a specific downstream task. In addition, TextRCNN and DPCNN are
primarily designed for text processing, and text is a modality different from audio signals.
In the current study, their variants are dedicated to finding emotional cues in audio signals,
while their encoded features seem not to be sufficient for expressing subjective emotion
patterns. Therefore, more attention could be paid to the modification of text processing
models in our future work.

There are several limitations in the current study. Firstly, no additional studies are con-
ducted to select the most promising encoders. In the dual-stream encoders, many CNNs [71]
could be used to replace text processing networks for extracting in-depth features, and
many cutting-edge models, such as GPT [43,72] and emotional text-to-speech models [41],
could be employed for improved feature embedding of the audio signals. Secondly, in
addition to FiLM [49], more dual- or multi-stream fusion modules [19,45,47,60] could be
investigated for broadening our understanding on proper feature integration. Thirdly, how
to cut the speech audio signals into segments remains an unsettled problem [73]. To find
the best way indeed requires empirical experience and massive experiments, while it is
meaningful in the field of speech signal analysis. Fourthly, speech emotion can be repre-
sented in many kinds of representations, including but not limited to audio signals, MFCC
features, and spectrogram images [47,48,73]. For improving the performance in emotion
recognition and affective computing, multi-stream networks combined with multi-branch
fusion modules might be promising. In addition, different data sample augmentation
methods, such as random mixing, adversarial training, transfer learning, and curriculum
learning, could be applied to improve the training sample number and to enrich the data
diversity [41]. Last but not least, ensembles of existing SER models would be beneficial to
further enhance performance, although how to properly combine these models remains
challenging [74].

7. Conclusions

Speech emotion recognition remains challenging. In this study, to unearth the emo-
tional cues in audio signals, a dual-stream encoder is designed. One stream uses full
training of a text processing network to encode the log-Mel spectrogram images, and the
other applies fine-tuning of a pre-trained language model. To avoid conflicts during feature
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integration, a cross-attention fusion module is proposed. Extensive experiments on three
databases have verified the effectiveness of the dual-stream encoder, the fusion module,
and the framework for speech emotion prediction. For further enhancing the performance,
it could be promising to combine multi-stream networks and multi-branch fusion modules.
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