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 A B S T R A C T

Speech emotion recognition is of great significance for improving the human–computer interaction experience. 
However, traditional methods based on hard labels have difficulty dealing with the ambiguity of emotional 
expression. Existing studies alleviate this problem by redefining labels, but still rely on the subjective emotional 
expression of annotators and fail to consider the truly ambiguous speech samples without dominant labels fully. 
To solve the problems of insufficient expression of emotional labels and ignoring ambiguous undominantly 
labeled speech samples, we propose a label correction strategy that uses a model with exact sample knowledge 
to modify inappropriate labels for ambiguous speech samples, integrating model training with emotion 
cognition, and considering the ambiguity without dominant label samples. It is implemented on a spatial–
temporal parallel network, which adopts a temporal pyramid pooling (TPP) to process the variable-length 
features of speech to improve the recognition efficiency of speech emotion. Through experiments, it has 
been shown that ambiguous speech after label correction has a more promoting effect on the recognition 
performance of speech emotions.
. Introduction

As the core carrier of human–computer interaction, the emotional 
nformation contained in speech is promoting the development of a 
ew generation of intelligent auxiliary systems (Jahangir et al., 2021). 
peech emotion recognition technology based on deep learning enables 
achine systems to more accurately perceive and understand human 
motional states by analyzing emotional features in speech signals (Leo 
t al., 2022a). This ability shows great value in various assistive ap-
lications. In the field of medical rehabilitation (Zhong et al., 2020), 
ntelligent systems combined with visual emotion recognition technol-
gy (Del Coco et al., 2017; Lecciso et al., 2021) can help medical 
taff to assess patients’ status more comprehensively; In the educational 
ssisted scene (Zepf et al., 2020), the emotion-sensing robot can dy-
amically adjust teaching strategies according to the emotional changes 
f learners (Kang, 2025). In a smart home environment (Chatterjee 
t al., 2021), voice assistants equipped with emotion recognition can 
rovide a more empathetic service experience. With the progress of 
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multi-modal affective computing technology, intelligent auxiliary sys-
tems will achieve more natural and accurate human–computer affective 
interaction in the future (Gao et al., 2025).

Speech emotion Recognition (SER) is an important way to im-
prove human–computer interaction. Traditional methods mainly rely 
on manual extraction of acoustic features (such as spectrum, rhythm, 
etc.) and combine with machine learning algorithms (such as SVM, 
GMM) for sentiment classification (Sharma et al., 2021a; Khurana 
et al., 2021). However, these methods have the problem of feature 
redundancy and are difficult to comprehensively represent the complex 
emotional information in speech (Khurana et al., 2021). In recent years, 
the rapid development of deep learning technology has provided new 
solutions for speech emotion recognition. Studies show that methods 
based on deep neural networks (such as CNN, RNN, and LSTM) can 
automatically learn the deep emotional features in speech, significantly 
improving the recognition performance (Sharma et al., 2021b). Espe-
cially in the research of multimodal emotion recognition, deep learning 
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models have demonstrated a powerful feature fusion ability (Calderon-
Uribe et al., 2024). Although the research on emotion theory remains 
controversial (Sharma et al., 2022), the advancement of speech emotion 
recognition technology has provided significant support for the field 
of emotion computing. Therefore, using deep learning methods for 
speech emotion recognition has become an inevitable trend in current 
research.

However, most of the real-life speech emotions are characterized 
by ambiguity, for example, speech expressions with the emotion of 
sadness are interspersed with emotional expressions of anger and dis-
appointment (Kim and Kim, 2018), and there is an overlapping part of 
anger and surprise at the embedding level (Kumar et al., 2021). Some 
literature tries to alleviate the fuzziness of speech from the perspective 
of hard labels, such as training based on hard labels (Hou et al., 2021), 
that is, a speech corresponds to a fixed real label, representing that 
the speech contains only one emotion. However, hard-label emotion 
determination does not effectively reflect the ambiguity of speech 
emotion. In addition, individual annotators may present different views 
of ambiguous emotions depending on their culture and personality, 
i.e., emotion perception is subjective (Lotfian and Busso, 2019). In 
combination with the above, using hard labels to express the true 
emotion of speech not only lacks the ability of mixed expression of 
emotion but also ignores the subjectivity of the annotator’s perception 
of emotion.

Considering the above problems, approaches based on soft la-
bels (Steidl et al., 2005) or multiple labels (Ando et al., 2018; Li 
et al., 2023) were proposed to capture the ambiguity and subjective 
nature of emotion based on label definition. Soft labels describe the 
ambiguity of emotions by the proportion of each emotion expressed 
by annotators, but the fixed emotional proportions do not necessarily 
represent the true proportions recognized by most people. While multi-
label classification can be performed without any proportion limitation, 
merely estimating the presence or absence of emotions, it still relies on 
the emotional cognition assigned by some annotators and lacks a clear 
emotional bias.

As a result, some more effective ambiguous processing training 
methods have been developed, such as joint learning (Chou and Lee, 
2019), meta-learning (Fujioka et al., 2020), emotion contour extrac-
tion (Mao et al., 2020), multi-classifier interaction (Zhou et al., 2022), 
etc., aimed at combining the model’s knowledge to avoid the problems 
of relying on annotators labels in soft labels and multi-label methods. 
These methods only consider the speech samples with dominant labels 
(hard labels), that is, the samples that can get the emotional consen-
sus of the majority of annotators, and do not take advantage of the 
speech samples without dominant labels in the dataset. However, the 
vagueness of speech emotion is mainly reflected in these non-master 
label samples. Because the no-master label sample is caused by the 
annotator’s inability to reach a consensus on the emotional judgment 
of the speech, this indicates that the sample is emotionally ambiguous, 
resulting in human illegibility. Moreover, not every sentence of speech 
in the actual environment has the emotion that most people agree 
with Zhang et al. (2021a). Therefore, these methods, which do not use 
ambiguous speech samples without master labels, do not fully consider 
the essential problem of speech emotional ambiguity.

To summarize the above discussions, the previous work has the fol-
lowing problems: (1) Multi-label methods are completely dependent on 
annotators’ emotional perception cannot represent everyone’s opinions, 
and do not provide a clear emotional bias to the model. (2) While 
some improved training methods can avoid the problem of relying on 
annotator labels, they fail to address the problem of unlabeled speech 
samples, and the ambiguity of speech emotion remains unaddressed.

To address the above issues, this paper proposes a method of label 
correction utilizing the model’s emotional cognition to handle the 
ambiguity in speech emotions. For problem (1), we aim to alleviate 
the excessive reliance on annotators in existing labeling methods by 
employing a model with clear emotional knowledge. This enables 
2

model training to rely proportionally on both partial annotators and 
the model’s inherent emotional cognition. For problem (2), we use a 
two-stage training approach, where label correction is first performed 
on ownerless labeled ambiguous speech, followed by emotion training 
of the model. In addition, this paper builds a spatial–temporal network 
with a spatial domain assisted by a temporal domain to implement 
the label correction strategy. Through experimental comparisons with 
five state-of-the-art methods, it is verified that our proposed method is 
superior for the processing of speech emotion ambiguity.

The main contributions of we can be summarized as follows.

(1) An effective label correction strategy is proposed, which modi-
fies multiple labels without emotional bias by the pre-training 
exact model to generate labels, so that model training does not 
completely rely on the emotional cognition of a few annotators, 
and the modified labels have clear emotional bias through a 
balance factor.

(2) This paper provides a reference method for exploring and pro-
cessing ambiguous speech without master labels, which shows 
that samples without the affective consensus of most annotators 
are still helpful for the model to establish affective cognition.

(3) A spatial–temporal auxiliary network that utilizes spatial domain 
emotional information to assist in the temporal domain has 
been constructed, offering a new attempt at spatial–temporal 
information fusion.

The rest of the paper is organized as follows. Section 2 introduces 
the related work. Section 3 details the proposed ambiguous speech 
emotion recognition method. Sections 4 and 5 describe the experimen-
tal setup and results, respectively. Finally, Section 6 summarizes the 
work and gives an outlook.

2. Related work

This section reviews research on speech emotion recognition from 
common hard label methods to previous methods for dealing with 
speech ambiguity.

Hard labels are used in speech emotion recognition as the majority 
vote of a group of annotators to determine the emotion label for an en-
tire utterance. Training models using hard labels is a common practice 
in this field. For instance, Hou et al. (2021) proposed a collective multi-
view relational network that analyzes emotion in speech from multiple 
acoustic feature perspectives, considering the complexity of speech 
emotion. Fan et al. (2022) considered that differences in individual 
emotional expression would cause emotional confusion among individ-
uals, so they proposed an individual standardized network to alleviate 
differences in individual emotional expression. Yin et al. (2021) pro-
posed a progressive collaborative learning approach that divides speech 
samples into difficulty levels based on the model’s output loss, aiming 
to mitigate the confusion caused by ambiguous emotions during initial 
training. Wang et al. (2024) combined large language models (LLMs) 
with effective spatial learning methods to address the limitations of 
the IEMOCAP dataset. Considering that spatial–temporal networks can 
effectively capture both spatial and temporal information (Quach et al., 
2022), Gan et al. (2023) proposed a spatial–temporal parallel net-
work. This network takes Fbank features from different granularities 
(with 26 and 40 filter banks used for temporal and spatial domain 
module inputs, respectively) and feeds them into separate time and 
spatial domain modules to extract emotional features from speech. 
They employ a multi-fusion mechanism to combine the temporal and 
spatial features of the speech. Specifically, the temporal, spatial, and 
concatenated features are classified separately by classifiers, and the 
average of the classification results is taken. This allows the network to 
handle speech data of varying lengths and effectively extract spatial–
temporal features. Their spatial feature extraction does not separately 
extract frame-level feature patterns but only analyzes the spectral fea-
tures of speech. Although the above works describe the ambiguity and 
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complexity (Thimmaiah et al., 2024) of speech emotion from different 
perspectives, they rely on hard labels for training, assuming that each 
speech segment contains only one emotion. This approach ignores 
the possibility of emotion blending and the subjectivity of annotators’ 
emotion perception, resulting in lower recognition accuracy of the 
models. Therefore, we do not adopt hard labels to solve the problem of 
emotional ambiguity.

The soft label and multiple label training methods take into account 
all the emotions provided by the annotator, representing more than 
one emotion contained in each speech through label definition. The 
groundbreaking work of Steidl et al. (2005) is to represent the emotion 
labels of speech as probability distributions and named them soft labels, 
aiming to imitate human annotators’ ambiguity and confusion regard-
ing emotions. Zhang et al. (2019) proposed a Deep Metric Learning 
(DML) method supporting soft labels, and used f-Similarity Preservation 
Loss to guide the model to learn the pairwise label similarity in the 
feature embeddings. Furthermore, Ando et al. (2019) improved the 
soft label method through a multi-label presence model, first applying 
multiple labels to estimate the presence and absence of each emotion, 
and then using a soft label training model to determine the final 
emotion. Li et al. (2023) proposed an inter-class difference loss function 
using multiple labels as real labels, enabling the network to learn 
the emotion distribution in speech automatically. It is worth noting 
that multi-labeling sets all the emotions assigned by the annotator to 
exist at the same level, which does not allow the model to have a 
definite affective bias, and network learning is still limited to the fixed 
affective cognition of some annotators. Therefore, these models are still 
influenced by the subjective emotional cognition of the annotators.

To avoid the above problems associated with soft and multiple la-
bels, more effective ambiguous processing methods were subsequently 
developed. Chou and Lee (2019) proposed a joint learning approach to 
incorporate annotator features into label distribution, considering both 
label uncertainty and individual characteristics of annotators. Based on 
the idea of meta-learning, Fujioka et al. (2020) fused two trainable 
parameters into model training for dynamic label correction and sample 
contribution weight estimation respectively, to repair inaccurate labels 
and ignore ambiguous samples. Mao et al. (2020) argued that static 
soft labels cannot capture the dynamic variations of emotions, the 
method of refined emotion contour for each utterance is applied to 
refine the emotion contours further, achieving the goal of dynamically 
generating soft labels. Similarly, Zhang et al. (2021b) utilized emotion 
contour refinement methods to update the soft labels obtained from 
the facial expression modality, and utilized the soft labels as a weak 
label for speech data, thereby transferring facial emotion knowledge 
into the speech modality. In addition, Zhou et al. (2022), inspired by 
the optimal interaction theory, built multiple classifiers to imitate the 
emotional cognitive interaction process of human beings, so as to avoid 
the inappropriate representation of emotions by the single label and 
multiple labels. Unfortunately, these methods are only good at handling 
samples with a dominant label and exclude samples without a dominant 
label. However, it is often the speech sample without a dominant label 
that shows the vagueness of speech emotion. Therefore, making full use 
of these samples is crucial for building a more robust speech emotion 
recognition system that is close to the true emotion distribution.

Inspired by the above work, we propose a speech ambiguous pro-
cessing method that utilizes the emotional cognition of the model for 
label correction. This method successfully extracts favorable emotional 
information from data without a dominant label and better addresses 
the problem of speech ambiguity. In the next section, we will provide 
a detailed introduction to the proposed method for speech emotion 
recognition.

3. The proposed method

In this section, we first mathematically formulate the problem of 
emotional ambiguity; subsequently, we outline the thought process of 
3

this paper to solve the problem of emotional ambiguity; furthermore, 
we detail the method of correcting emotionally ambiguous speech 
labels; and finally, we explain the construction of a network for emotion 
learning. Next, we will elaborate one by one.

3.1. The ambiguous problem of emotion

In a supervised classification study of 𝐾-class speech emotion, the 
hard label is a commonly used expression for the real label in emotion 
datasets, which is defined as the category that receives the majority 
of votes from annotators as the dominant label, and the remaining 
categories are labeled as 0. It is defined as follows: 
𝐲𝑖ℎ𝑎𝑟𝑑 = (𝑦𝑖1, 𝑦

𝑖
2,… , 𝑦𝑖𝐾 |

∑𝐾
𝑗=1 𝑦

𝑖
𝑗 = 1, 𝑦𝑖𝑗 ∈ {0, 1}),

1 ≤ 𝑖 ≤ 𝑁, 1 ≤ 𝑗 ≤ 𝐾,
(1)

where 𝑦𝑖𝑗 ∈ {0, 1} represents whether there is a 𝑗th emotion category in 
the 𝑖th sample in the emotion dataset, 𝑁 represents the total number 
of samples in the speech dataset, and 𝐾 represents the number of 
emotion categories classified. It can be seen that the hard label 𝐲𝑖ℎ𝑎𝑟𝑑
indicates that a sample only contains one emotion. However, in a 
real environment, people’s emotional expression is always intertwined 
with multiple emotions, not just one emotion. Moreover, the emotional 
cognition formed by a small number of annotators does not represent 
the emotional cognition of the public. Therefore, the emotion labels 
of most speech samples in the dataset are ambiguous. To alleviate 
these problems, soft label and multi-label methods have emerged. Soft 
labels describe the ambiguity of the speech sample through the ratio of 
various emotional attitudes expressed by the annotator. Its definition is 
as follows: 
𝐲𝑖𝑠𝑜𝑓𝑡 = (𝑦𝑖1, 𝑦

𝑖
2,… , 𝑦𝑖𝐾 |

∑𝐾
𝑗=1 𝑦

𝑖
𝑗 = 1, 𝑦𝑖𝑗 ∈ [0, 1]),

1 ≤ 𝑖 ≤ 𝑁, 1 ≤ 𝑗 ≤ 𝐾,
(2)

where 𝑦𝑖𝑗 ∈ [0, 1] represents the proportion of the 𝑖th sample in the 
emotion dataset that contains the 𝑗th emotion category. This proportion 
is pre-calculated based on statistics for all the emotion categories 
provided by a group of annotators, which increases the workload of 
emotion prediction. However, Multiple labels are not limited by scale 
and only represent the presence or absence of all emotion categories 
annotated by the annotator. The definition is as follows: 
𝐲𝑖𝑚𝑢𝑙𝑡𝑖 = (𝑦𝑖1, 𝑦

𝑖
2,… , 𝑦𝑖𝐾 |𝑦

𝑖
𝑗 ∈ {0, 1}),

1 ≤ 𝑖 ≤ 𝑁, 1 ≤ 𝑗 ≤ 𝐾,
(3)

where 𝑦𝑖𝑗 ∈ {0, 1} also indicates whether there is a 𝑗th emotion category 
in the 𝑖th sample in the emotion dataset, but is not limited to a partic-
ular category. It can be seen that multi-label 𝐲𝑖𝑚𝑢𝑙𝑡𝑖 can express multiple 
emotions in the sample without pre-calculating the emotion proportion, 
making it more suitable for practical applications. However, this multi-
label approach still cannot represent the emotion cognition of most 
people, as its establishment still relies solely on a small number of an-
notators, and the multi-label approach only represents certain emotions 
in the speech and does not represent the dominant emotion bias in 
the speech. Therefore, we propose to use the model with exact sample 
knowledge to correct the labels of emotionally ambiguous samples, to 
achieve the effect that the corrected multi-labels do not completely 
depend on the emotional cognition of the labeling so that the model 
has an emotional bias.

3.2. The basic idea of solving ambiguous problem

To alleviate the issues of multi-label classification being overly 
dependent on annotators’ emotional annotations and lacking emotion 
bias, this paper proposes a multi-label correction strategy specifically 
for ambiguous speech samples, based on a multi-label approach. Ad-
ditionally, a spatial–temporal network designed for variable-length 
speech is utilized for experimental validation. Fig.  1 illustrates the 
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Fig. 1. Flowchart of label correction strategy.
Fig. 2. The spatial–temporal parallel network.
flowchart of the proposed method, while Fig.  2 showcases the spatial–
temporal network model.

The correction strategy is outlined as follows. Firstly, according 
to the multiple labels for each sample, all the samples in the dataset 
can be categorized into three types: exact samples 𝑆𝐴, inaccurate 
samples 𝑆𝐵 (with ambiguity but with a dominant label), and ambiguous 
samples 𝑆𝐶 . Next, pretraining a model using an exact sample 𝑆𝐴 or 
a sample with a dominant label (𝑆𝐴 + 𝑆𝐵) to generate a model 𝑀𝑝
with exact sample knowledge, and input the remaining ambiguous 
samples, assumed to be 𝐱𝑖, into the exact model 𝑀𝑝 to obtain the 
generated label 𝐲̂(𝐱𝑖|𝑀𝑝) for the ambiguous samples. Then, design a 
label correction strategy 𝜱(⋅) to modify the original multi-label 𝐲𝑖𝑚𝑢𝑙𝑡𝑖
of the ambiguous sample, obtaining a corrected label 𝜱(𝐲𝑖𝑚𝑢𝑙𝑡𝑖, 𝐲̂(𝐱

𝑖
|𝑀𝑝))

of the ambiguous sample. Finally, the ambiguous sample after label 
correction is combined with the pre-training sample to retrain the 
final emotion classification model, to ensure that the model does not 
completely rely on the affective cognition of some annotators, alleviate 
the lack of emotional bias of multi-label, and realize the maximum 
utilization of ambiguous data.

The spatial–temporal parallel network used is summarized below. 
Firstly, input the original one-dimensional variable-length speech into 
the Wav2vec model to generate temporal emotion features that include 
temporal context information, and enable the model to train speech 
with different lengths through the TPP module for subsequent feature 
fusion. Secondly, to compensate for the lack of spatial information in 
one-dimensional speech, CNN is used as the backbone of the spatial net-
work to extract spatial emotion features of the variable-length speech 
spectrum, and these features are processed into a fixed size through 
global pooling. Finally, using the idea of collaborative attention, spatial 
emotion features are fused with temporal emotion features and spatial 
information is used to assist temporal information in achieving emotion 
classification.

Next, we will specifically explain the label correction strategy pro-
posed and the spatial–temporal feature extraction model in this paper.

3.3. Label correction

The proposed label correction strategy requires two stages of train-
ing. The first stage is to use exact samples to pre-train the exact model 
and correct the ambiguous samples; the second stage is to combine 
4

the ambiguous samples after label correction with the exact samples 
to reconstruct the training and complete the emotion classification. 
For this purpose, we classify all data samples in the dataset into three 
types based on their multiple labels: 𝑆𝐴 (exact sample), 𝑆𝐵 (ambiguous 
but with dominant labels), and 𝑆𝐶 (ambiguous but without dominant 
labels). For example, in a four-class classification task, if eight annota-
tors vote on a speech sample as [8,0,0,0], it is classified as a class 𝑆𝐴
sample. If the voting result is [7,1,0,0], it belongs to class 𝑆𝐵 . When 
the votes are evenly distributed as [2,2,2,2], the sample is categorized 
as class 𝑆𝐶 . In practical implementation, the categorization of samples 
into 𝑆𝐴, 𝑆𝐵 , and 𝑆𝐶 was performed based on the consistency between 
the single-label annotation (obtained through majority voting) and the 
corresponding multi-label set. Specifically, a sample was assigned to 
𝑆𝐴 if the single-label and the multi-label set were fully consistent, 
indicating unanimous agreement among annotators. If the single-label 
existed but differed partially from the multi-label set, the sample was 
categorized as 𝑆𝐵 , reflecting the presence of a dominant emotion along 
with minor inconsistencies. Finally, if no single-label annotation was 
available but multi-label information existed, the sample was assigned 
to 𝑆𝐶 , indicating that no clear dominant label could be established and 
the annotators’ votes were highly dispersed. This practical rule ensures 
a systematic and reproducible classification approach consistent with 
the voting mechanism of the IEMOCAP dataset. 𝑆𝐴 and 𝑆𝐵 with main 
labels are used for the pre-training of the exact model in the first stage. 
The trained exact model is then modified with multiple labels of 𝑆𝐶 or 
𝑆𝐵 + 𝑆𝐶 . Finally, the newly constructed labels are combined with 𝑆𝐴
type samples for the second stage of model re-training.

For the first stage of training, as shown in Step I in Fig.  1, we use 
𝑆𝐴 and 𝑆𝐵 as pre-trained samples, using one−hot hard labels as true 
values, and train a model with exact knowledge through traditional 
multi-classification cross-entropy, defined as follows: 

𝐿𝐶𝐸 = − 1
𝑁

𝑁
∑

𝑖=1
𝐲𝑖ℎ𝑎𝑟𝑑 log

(

𝐲̂
(

𝐱𝑖 ∣ 𝑀𝑝
))

, (4)

where 𝑁 represents the number of samples, 𝐲̂ (𝐱𝑖 ∣ 𝑀𝑝
) represents the 

prediction output of the trained exact model 𝑀𝑝, and 𝐲𝑖ℎ𝑎𝑟𝑑 represents 
the one-hot hard labels. As the training samples used are data with 
dominant labels, the trained model can learn knowledge from exact 
samples. Further, by using this model to generate labels for ambiguous 
samples, and modifying the multiple labels for ambiguous samples 
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according to a label correction strategy, the system can label samples 
from the emotional perspective of the model, rather than relying solely 
on the emotional cognition of a small number of annotators. In this 
study, we studied two types of label correction strategies, hard label 
correction, and soft label correction, summarized below.

(1) Soft label correction

This method directly uses the probability distribution vector output 
by the model as the generated label: 
𝐲̂soft (𝐱𝑖 ∣ 𝑀𝑝

)

= 𝐲̂
(

𝐱𝑖 ∣ 𝑀𝑝
)

. (5)

Then, the corrected labels are weighted combined with the original 
multi-labels that are devoid of emotion bias, and the resulting corrected 
labels are represented as follows: 
𝛷
(

𝐲𝑖𝑚𝑢𝑙𝑡𝑖, 𝐲̂
(

𝐱𝑖|𝑀𝑝
))

= (1 − 𝜆)𝐲𝑖𝑚𝑢𝑙𝑡𝑖 + 𝜆𝐲̂𝑠𝑜𝑓𝑡
(

𝐱𝑖|𝑀𝑝
)

, (6)

where 𝜆 ∈ [0, 1] represents the balance factor, which is used to 
balance the relative importance of the original multiple labels and the 
model-generated labels.

(2) Hard label correction

This method requires further selection of the most likely class 
from the probability distribution vector output by the model, and the 
generation of one-hot hard labels as a result, to more clearly represent 
the model’s label choices. The process of obtaining one-hot hard labels 
is as follows: 

𝑦̂ℎ𝑎𝑟𝑑𝑘
(

𝐱𝑖 ∣ 𝑀𝑝
)

=

{

1, if 𝑘 = argmax
𝑗

𝑦̂𝑗
(

𝐱𝑖 ∣ 𝑀𝑝
)

,

0,  otherwise ,
(7)

where 𝑗, 𝑘 ∈ [1, 𝐾] is an integer, 𝑦̂ℎ𝑎𝑟𝑑𝑘
(

𝐱𝑖 ∣ 𝑀𝑝
) represents the value of 

the 𝑘th emotion category, and 𝑦̂𝑗
(

𝐱𝑖 ∣ 𝑀𝑝
) represents the 𝑗th emotion 

category of 𝑦̂ (𝐱𝑖 ∣ 𝑀𝑝
)

.
Correspondingly, the balance factor 𝜆 is used to weight the gener-

ated labels and the original no emotion bias multi-labels to measure 
their relative importance. Specifically, the corrective label states the 
following: 
𝛷
(

𝐲𝑖𝑚𝑢𝑙𝑡𝑖, 𝐲̂
ℎ𝑎𝑟𝑑 (𝐱𝑖 ∣ 𝑀𝑝

))

= (1 − 𝜆)𝐲𝑖𝑚𝑢𝑙𝑡𝑖 + 𝜆𝐲̂ℎ𝑎𝑟𝑑
(

𝐱𝑖 ∣ 𝑀𝑝
)

, (8)

where 𝐲̂ℎ𝑎𝑟𝑑 (𝐱𝑖 ∣ 𝑀𝑝
) is the vector form of 𝐲̂ℎ𝑎𝑟𝑑𝑘

(

𝐱𝑖 ∣ 𝑀𝑝
)

.
After correction with labels, it will enter the second stage of train-

ing. For the second stage of training, shown in Fig.  1 Step II, we use the 
label-corrected samples combined with the 𝑆𝐴 samples to reconstruct 
the model 𝑀𝑓  for training. The cross-entropy loss function for this 
training process is defined as follows: 

𝐿𝑐𝑜𝑟𝑟𝑒𝑐𝑡 = − 1
𝑁

𝑁
∑

𝑖=1
𝛷
(

𝐲𝑖𝑚𝑢𝑙𝑡𝑖, 𝐲̂
∗ (𝐱𝑖 ∣ 𝑀𝑝

))

log
(

𝐲̂
(

𝐱𝑖 ∣ 𝑀𝑓
))

, (9)

where 𝐲̂ (𝐱𝑖 ∣ 𝑀𝑓
) represents the predicted output vector of the recon-

structed model 𝑀𝑓 , and ∗ represents either 𝑠𝑜𝑓𝑡 or ℎ𝑎𝑟𝑑.
As there is no emotion ambiguity in the sample of 𝑆𝐴, its hard-label 

and multi-label expressions are consistent, so 𝑆𝐴 still uses the one-
hot hard labels as the true value. Although 𝑆𝐵 has a dominant label, 
like 𝑆𝐶 , there is an emotional ambiguity. Therefore, we investigated 
two training methods, only correcting 𝑆𝐶 and correcting 𝑆𝐵 + 𝑆𝐶 . The 
details are summarized as follows.

(1) Correction of only 𝑆𝐶 : This method acknowledges the emotional 
perceptions of most annotators and maintains 𝑆𝐵 as the domi-
nant target label, using the one-hot hard labels representation. 
As 𝑆𝐶 does not have a dominant label, we use the aforemen-
tioned label correction strategy to modify its multiple labels 
before fusing it into the model training.

(2) Correction of 𝑆𝐵 + 𝑆𝐶 : This method does not agree with the 
emotion cognition of most annotators, as long as there is am-
biguity in the sample, it is considered to be an ambiguous 
sample. Therefore, the aforementioned label correction strategy 
is adopted to correct the multiple labels for 𝑆 + 𝑆 .
𝐵 𝐶

5

3.4. The spatial–temporal parallel network

The training model adopted in we can be divided into four modules: 
temporal emotion feature extraction, spatial emotion feature extrac-
tion, spatial–temporal emotion feature fusion, and linear classification. 
Next, we will explain each of them.

(𝟏) Temporal emotion feature extraction

Speech is a continuous signal with a temporal nature and vari-
able length, and its emotional expression can dynamically change 
over time (Mao et al., 2021). Benefiting from the progress in speech 
recognition research, the Wav2vec model (Park et al., 2023), which is 
pre-trained using a large amount of unlabeled data, can provide us 
with a contextual representation of speech features. This is because 
Wav2vec is implemented based on the 𝑇 𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟 (Vaswani et al., 
2017) architecture, which predicts certain sampling points in the future 
by learning the context of the current input. Therefore, the pre-trained 
Wav2vec model can obtain contextual emotion representations from the 
original waveform of speech, which has been studied in the speech 
emotion recognition field (Sharma, 2022). Specifically, the formula can 
be described as follows: 
𝐟𝑤 = Wav2vec(𝛩𝑤, 𝐱𝑖𝑤), (10)

where 𝐱𝑖𝑤 represents the original speech directly input into the pre-
trained Wav2vec model, 𝛩𝑤 is a series of trainable parameters for the 
Wav2vec model, 𝐟𝑤 ∈ R𝑇𝑡×𝑑𝑡  represents the potential emotion represen-
tation obtained with contextual features, 𝑇𝑡 represents the temporal 
dimension and its size depends on the length of the input speech, and 
𝑑𝑡 represents the feature dimension.

Then, a problem worth exploring arose. Due to the variability in the 
length of input speech, the potential emotion representation processed 
by the Wav2vec model still has variability in length in the temporal 
dimension, which is detrimental to subsequent feature fusion and clas-
sification. Therefore, we introduced the temporal pyramid pooling to 
handle this variability. This pooling method is widely used in audio and 
video processing, extracting multi-level information from the temporal 
dimension. As shown in Fig.  3, divide the input feature into regions in 
a coarse-to-fine manner on the time axis, perform pooling operations 
in each region, and finally concatenate all pooling results along the 
time axis to obtain a fixed-length feature, which depends on the setting 
of Pyramid levels (PL). For example, 𝑃𝐿 = {1, 2, 3}, it is necessary to 
perform 3 region segmentations on the feature’s time axis and 6 pooling 
operations, resulting in a feature size of 6xd. Here, it is assumed that 
𝑛 pooling operations are performed, which means that the temporal 
dimension of the fixed latent emotion representation 𝐟𝑤 is 𝑛: 
𝐟𝑡 = TPP(𝐟𝑤), (11)

where 𝐟𝑡 ∈ R𝑛×𝑑𝑡  represents a fixed size temporal emotion feature 
obtained through TPP (Yu et al., 2019).

(2) Spatial emotion feature extraction

In the natural environment, the sounds we hear are often composed 
of multiple complex frequencies that overlay each other, and these 
frequency variations include pitch, phonemes, and other emotional fea-
tures related to sound attributes. Although information about emotion 
changes over time can be obtained from the original waveform of the 
speech, this one-dimensional representation cannot represent the two-
dimensional sound properties, lacking frequency variation information 
in the spatial domain. Therefore, to compensate for the deficiencies of 
one-dimensional raw speech in the spatial domain, we employ multi-
layer CNNs (Leo et al., 2022b) to learn more abstract spatial emotional 
features from the fixed-resolution spectral features of speech, thereby 
enhancing the fine-grained temporal emotional features. This approach 
differs from traditional methods that utilize multi-resolution data as 
model inputs (Peng et al., 2021). The structure is concretely illustrated 
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Fig. 3. A schematic diagram of temporal pyramid pooling.
Fig. 4. Spatial structural diagram.
by Fig.  4, and it is worth noting that average pooling is used in the first 
three layers to downscale the features, with the aim of focusing the 
model on certain useful features and preventing overfitting triggered 
by too many parameters. Here, we summarize the overall process 
described above: 
𝐟𝑐 = Spatial(𝛩𝑐 , 𝐱𝑖𝑠), (12)

where Spatial(⋅) is a brief description of the formula in Fig.  4, 𝛩𝑐 is a 
set of trainable parameters for a convolutional network, 𝐟𝑐 ∈ R𝐿𝑐×𝑑𝑐

represents the extracted spatial features, 𝐿𝑐 represents the temporal 
dimension and its size depends on the input speech length, and 𝑑𝑐
represents the feature dimension.

However, since the features reduced by averaging pooling are al-
ready very condensed in the temporal dimension, redundant zero-fill 
information will be introduced by using multi-level information ex-
traction. Therefore, the features extracted from fixed spatial domains 
in this paper can be globally averaged pooling, which is equivalent 
to 𝑃𝐿 = {1}. At this point, the equivalent of automatically averaging 
on the time axis using GAP (Chang et al., 2024) is obtained, and the 
resulting spatial emotion features of fixed dimensions can be expressed 
as: 
𝐟𝑠 = GAP(𝐟𝑐 ), (13)

where 𝐟𝑠 ∈ R𝑑𝑠 , 𝑑𝑠 represent the dimensions of the spatial features.

(3) Spatial–temporal feature fusion
6

The temporal domain encoder described above is based on the 
temporal domain analysis of the original waveform of the speech, while 
the spatial domain encoder is based on spatial analysis of the spectral 
features of the speech. Temporal domain analysis lacks direct insight 
into the frequency features of speech, while spatial analysis lacks a 
time-varying relationship between speech and noise. Therefore, com-
bining the advantages of the two fields is a question worth exploring. 
Inspired by the thinking of Zou et al. (2022) (co-attention), we combine 
spatial emotion features into temporal emotion features to achieve 
spatial-domain-assisted emotion classification in the temporal domain.

Firstly, spatial-domain emotion features 𝐟𝑠 are converted into spatial-
domain emotion weights 𝐟 ′𝑠 via a fully connected layer: 

𝐟 ′𝑠 = 𝛿
(

𝐟𝑠𝐖𝑠 + 𝐁𝑠
)

, (14)

where 𝐟 ′𝑠 ∈ R𝑛 and 𝑛 are the temporal dimension size of temporal 
emotion feature, 𝛿(⋅) indicates ReLU activation, 𝐖𝑠 ∈ R𝑑𝑠×𝑛 and 𝐁𝑠 ∈ R𝑛

represents fully-connected parameters.
Then, apply the spatial emotion weight obtained above to the 

temporal emotion feature to obtain the temporal emotion feature 𝐟 ′𝑡
with spatial emotion information: 

𝐟 ′𝑡 = 𝐟 ′𝑠 ⋅ 𝐟𝑡, (15)

where 𝐟 ′𝑡 ∈ R𝑑𝑡 .

(4) Feature classification
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The classifier used in this study consists of multiple fully con-
nected layers, which aims to allow the model to more carefully learn 
the distributed representation of features, and to map the aforemen-
tioned emotion features into the classification output. The process is 
represented as follows: 

𝐲̂𝑖 = 𝛿
(

𝛿
(

𝐟 ′𝑡𝐖
1
𝑓 + 𝐁1

𝑓

)

𝐖2
𝑓 + 𝐁2

𝑓

)

𝐖3
𝑓 + 𝐁3

𝑓 ,
𝐲̂
(

𝐱𝑖| ∗
)

= sof tmax
(

𝐲̂𝑖
)

,
(16)

where 𝐖1
𝑓 ,𝐖

2
𝑓 ∈ R𝑑𝑡×128,𝐖3

𝑓 ∈ R128×𝐾 ,𝐁1
𝑓 ,𝐁

2
𝑓 ∈ R128,𝐁3

𝑓 ∈ R𝐾 is a 
fully connected trainable parameter, 𝐾 is the number of classes for the 
classification task, 𝛿 (⋅) represents the ReLU activation function, and ∗
refers to a model. The 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (⋅) (Yin et al., 2024) activation function 
is commonly used together with the cross-entropy loss function to avoid 
gradient explosion.

4. Experimental setup

In this section, we describe the data used in conducting the exper-
iments and the details of implementation. All experimental codes can 
be obtained from the GitHub.1

4.1. Data processing

(1) Dataset

Considering that the proposed model is to alleviate the Emotional 
ambiguity of multi-label speech, the single-label dataset cannot verify 
the performance of the proposed method. Currently, the only suitable 
multi-label dataset is the Interactive Emotional Dyadic Motion Capture 
(IEMOCAP) dataset (Busso et al., 2008). Therefore, we will test our 
modelability and comparison on the IEMOCAP dataset.2 This dataset 
is an English corpus commonly used in speech emotion recognition, 
recording multiple behavioral modalities of ten professional actors par-
ticipating in interactions in improvisational and scripted performance 
scenarios, such as video, speech, text, and so on. For speech data, the 
emotion classification label for each speech is annotated by at least 
three annotators, and each annotator is allowed to annotate multi-
ple emotion labels. Furthermore, the categorization labels of speech 
samples may contain more than one emotion, reflecting differences 
in human expression and cognition of speech emotion. To explore 
the problem of differences, we followed research Li et al. (2023) 
and Fujioka et al. (2020), using data from improvisational and scripted 
scenarios, and conducted experimental evaluations using anger, happi-
ness, sadness, and neutral emotions as the basic emotions. Additionally, 
according to studies Hou et al. (2021) and Yin et al. (2021), excitement 
and happiness have similar activation and valence states, so excitement 
is included in happiness.

(2) Preprocessing

The speech processing flow is shown in Fig.  5. The speech signal 
first undergoes pre-emphasis, then is divided into frames with win-
dowing to meet short-time stationarity requirements. Each frame is 
transformed into the frequency domain using the Short-Time Fourier 
Transform (STFT) to obtain spectrograms. To simulate human auditory 
perception, Mel-scale filter banks are applied to perform nonlinear 
frequency warping on the spectrum, followed by logarithmic processing 
to generate FBank features. Although Mel-Frequency Cepstral Coef-
ficients (MFCCs) can be obtained by applying the Discrete Cosine 
Transform (DCT) to FBank features for dimensionality reduction, this 

1 Code: https://github.com/mychongu/SER-ambiguous-speech.git
2 Dataset: https://www.kaggle.com/datasets/dejolilandry/

iemocapfullrelease
7

Table 1
Distribution of speech samples across three categories 
(𝑆𝐴, 𝑆𝐵 , 𝑆𝐶 ) for each speaker in the IEMOCAP dataset. 
𝑆𝐴 denotes exact samples, 𝑆𝐵 denotes ambiguous sam-
ples with a dominant label, and 𝑆𝐶 denotes ambiguous 
samples without a dominant label. These divisions are 
used in the proposed label correction experiments.
 Speaker 𝑆𝐴 𝑆𝐵 𝑆𝐶  
 Session1M 325 365 392 
 Session1F 224 402 334 
 Session2M 292 396 401 
 Session2F 243 317 400 
 Session3M 298 444 452 
 Session3F 258 324 521 
 Session4M 157 458 602 
 Session4F 297 304 457 
 Session5M 372 454 460 
 Session5F 230 438 430 

process loses important nonlinear information. To preserve the com-
plete perceptually-relevant nonlinear characteristics, we use FBank 
features as input to the spatial processing module.

In the dataset, there are speech samples that are too long (greater 
than 30 s), which will result in excessive server memory requirements 
for training and cannot meet practical implementation requirements. 
In addition, studies (Aftab et al., 2022) have shown that a 7-second 
speech can contain sufficient emotional information. The session1 in 
the first column of Table  1 indicates the session number, and the 
rest are similar, with M representing men and F representing women. 
Therefore, we divide speech longer than 7 s into segments of 7 s each, 
while maintaining the original length of speech shorter than 7 s. The 
details of the data distribution are shown in Table  1. In addition, some 
of the speech samples are too short for Wav2vec model processing, so 
the speech samples with a duration of less than 1.5 s are padded with 
1.5 s. Due to the need to fix the length of each batch during neural 
network training, each speech segment needs to be padded with zeroes 
to represent the maximum length of the input speech for that batch. 
To minimize the adverse effects of zero padding on training, we sorted 
all the speech segments by length and divided them into batches to 
reduce the number of zero padding segments in each speech segment 
and accelerate training convergence.

After the above processing, further process the speech into suitable 
input features for model learning. We use two forms of the original 
signal and the spectral features of the speech. For the original speech 
signal, it is converted into a digital signal that can be processed 
by a computer with a sampling frequency of 16 KHz, and then the 
high-frequency components in the speech signal are enhanced through 
pre-emphasis, which can be represented as 𝐱𝑤𝑖 ∈ R𝑇 . For spectral 
features of speech, we adopt the Log-Mel filterbank energy feature 
(MFB) (Chen et al., 2018, 2021), which has human auditory features, 
applied 40 mel filters and a 40 ms Hamming window with a hop length 
of 10 ms, and calculated it as 𝐱𝑖𝑠 ∈ R𝐿×40. Additionally, the features 
described above are normalized based on the mean and variance of 
each speaker.

4.2. Implementation details

The construction and training verification of the proposed model 
is implemented on 4× NVIDIA RTX 2080TiGPU using the PyTorch1.7.0
framework (Paszke et al., 2019), with specific parameter settings shown 
in Table  2. The parameters of the entire model are 94.7 M, and the 
number of floating-point operations per second is 6.9 G. During the 
training process, the initial and secondary iterations are performed 
under identical settings, with the exact model used to correct multiple 
labels being the optimal model for the first stage of training. Addi-
tionally, for each training step, the inverse value of the frequency of 

https://github.com/mychongu/SER-ambiguous-speech.git
https://www.kaggle.com/datasets/dejolilandry/iemocapfullrelease
https://www.kaggle.com/datasets/dejolilandry/iemocapfullrelease
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Fig. 5. Speech processing flow .
Table 2
Parameter setting details.
 Name Value  
 Pyramid levels 2, 4, 8, 16, 32, 64 
 Batch size 16  
 Optimizer Adam  
 𝜆 0.5  
 Learning rate 1𝑒-5  
 Weight decay 0.0005  
 Max epoch 100  
 Early stopping patience 8  

the emotion category is used as the loss class weight. The verification 
process, as per the findings in most research in speech emotion recog-
nition (Li et al., 2023; Ntalampiras, 2021), all our experiments use the 
LOSO cross-validation method, which preserves the data of one speaker 
for testing while using the remaining speaker’s data for model training. 
Additionally, the testing sets were speech samples with a dominant 
label, and this label was the true label for the testing set. The evaluation 
metric adopted for the experiment employed both the widely applied 
Weighted Accuracy (WA) and Unweighted Accuracy (UA) metrics for 
speech emotion recognition. WA is the classification accuracy of all 
utterances, while UA is the average accuracy of each emotion category.

5. Experimental results and analysis

In this section, we present experimental results of the proposed 
method, demonstrating the superiority of the proposed method through 
comparison with state-of-the-art methods and ablation experiments: 
(1) The spatial domain emotion information is beneficial for temporal 
domain emotion classification; (2) The method of the corrective label 
can improve the learning efficiency of the model on ambiguous speech 
samples; (3) In addition to correcting the labels of ambiguous samples 
𝑆𝐶 , the label correction strategy can also correct the labels of samples 
𝑆𝐵 , further enhancing the performance of the model.

5.1. Compared with the state-of-the-art methods

To demonstrate the superior performance of our proposed method 
in handling speech ambiguity, we conduct a comparative analysis with 
state-of-the-art blur processing methods. Since our approach operates 
on a multi-label dataset and requires correction of multiple labels to ex-
pand the available dataset of speech samples, models such as Gan et al. 
(2023), Jalal et al. (2020), which do not utilize multi-label datasets 
or perform label correction to utilize ambiguous speech samples, as 
well as multi-modal methods that utilize both text and audio (Atmaja 
et al., 2019), are not suitable for comparison. The specific details of the 
comparative methodology are as follows.

Soft-target training (2018) (Ando et al., 2018): A soft label training 
method is defined, which successfully utilizes unlabeled ambiguous 
speech by modifying the representation of soft labels.
8

Emotion existence (2019) (Ando et al., 2019): A method for assess-
ing the presence or absence of emotions is proposed. It first evaluates 
the presence of emotions using multi-label classification and then uses 
soft labels to retrain the dominant emotion recognition model, thereby 
alleviating the emotion ambiguity problem.

Joint-learning (2019) (Chou and Lee, 2019): A method for joint 
learning soft labels, hard labels, and annotator traits is proposed. It 
fuses annotator traits into the label distribution to consider both label 
and annotator uncertainties.

Meta-learning (2020) (Fujioka et al., 2020): A method based on 
meta-learning is proposed to achieve label correction and sample 
weight estimation. It uses two trainable parameters to perform label 
correction and sample weight estimation during training, aiming to 
update the noise labels of training samples and ignore the contribution 
of ambiguous samples to model training.

Co-teaching (2021) (Yin et al., 2021): A progressive collaborative 
training method is proposed, which considers the ambiguity of emo-
tions and uses loss values to identify the difficulty level of speech sam-
ples. The model completes the establishment of emotional knowledge 
through alternating training from simple to difficult samples.

Multi-view (2022) (Hou et al., 2021): A collective multi-view re-
lationship network is proposed, which considers the complex emotion 
relationships of speech from multiple acoustic feature perspectives to 
improve recognition efficiency.

Inter-class difference loss (2023) (Li et al., 2023): A class difference 
loss function that can be used for multi-label training is proposed. It 
defines sample labels as multi-label forms and designs a class differ-
ence loss function to learn the emotion distribution in speech samples 
automatically.

LLMs (2024) (Wang et al., 2024): A novel methodology integrat-
ing Large Language Models (LLMs) with efficient spatial learning, 
which combines LLMs-synthesized emotionally rich speech data with 
the IEMOCAP dataset and student speech datasets. Furthermore, the 
approach extracts effective spatial emotion features from speech signals 
using a Transformer network architecture.

Table  3 gives the results of the comparison experiments on the 
IEMOCAP dataset, when only the samples in 𝑆𝐴 were used as the test 
set. Compared to the state-of-the-art methods for speech ambiguous 
processing described above, our proposed method exhibits superiority 
in terms of WA and UA (WA = 72.4% and UA = 73.1%). It is important 
to note that, for comparison with other methods, we represent the 
dataset as a dominant dataset and an ambiguous dataset. The dominant 
dataset corresponds to our 𝑆𝐴 + 𝑆𝐵 dataset mentioned in this study, 
while the ambiguous dataset is equivalent to 𝑆𝐶 . Furthermore, the 
experimental results on the ambiguous dataset only corrected the labels 
of 𝑆𝐶 samples, and this correction was achieved using the soft labels 
correction strategy based on the balance factor 𝜆 = 0.5.

Compared to the hard label methods (Hou et al., 2021; Yin et al., 
2021), and LLMs (Wang et al., 2024), our method achieves significant 
improvements in performance indicators. Specifically, compared to the 
Co-teaching (2021) (Yin et al., 2021) method, we have a 10.1% WA 
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Table 3
Performance comparison on the IEMOCAP dataset for speech emotion recognition. ‘‘Dominant’’ refers to samples 
with a dominant label, and ‘‘Ambiguous’’ refers to ambiguous samples. WA (Weighted Accuracy) indicates overall 
accuracy across all samples, while UA (Unweighted Accuracy) represents average accuracy across emotion classes 
to mitigate class imbalance.
 Method Label Training set Metric

 Dominant Ambiguous WA (%) UA (%) 
 
Soft-target training (2018) (Ando et al., 2018) Soft

√

– 58.5 57.4  
 –

√

53.6 54.0  
 √ √

62.6 63.7  
 Emotion existence (2019) (Ando et al., 2019) Multi soft √ √

66.1 65.4  
 Emotion existence (2019) (Ando et al., 2019) Multi soft √ √

66.1 65.4  
 Joint-learning (2019) (Chou and Lee, 2019) Soft Hard √

– – 61.5  
 Meta-learning (2020) (Fujioka et al., 2020) Update hard √

– 65.9 61.4  
 Co-teaching (2021) (Yin et al., 2021) Hard

√

– 62.3 –  
 Multi-view (2022) (Hou et al., 2021) Hard

√

– – 66.6  
 
Inter-class difference loss (2022) (Li et al., 2023) Multi

√

– 66.0 63.9  
 –

√

60.5 61.7  
 √ √

68.3 66.2  
 
Ours Update multi

√

– 69.9 70.7  
 –

√

65.2 66.5  
 √ √

72.4 73.1  
advantage on the dominant dataset and 2.5% further improvements 
with the addition of an ambiguous dataset. Similarly, compared to the 
UA of the Multi-view (2022) (Hou et al., 2021) method, our method 
has a 6.5% advantage in the dominating dataset, and can further im-
prove 6.5% when ambiguous data is added. Compared to LLMs (Wang 
et al., 2024) models, our model also achieves substantial performance 
improvements. This is because the spatial–temporal network model 
we built extracts efficient emotional features from both the temporal 
and spatial domains of speech. More importantly, the proposed label 
correction strategy can effectively utilize additional ambiguous data 
emotional information to assist in model training, thereby further 
promoting the establishment of emotional cognition in the model.

Compared to soft label (Ando et al., 2018) and multi-label (Li et al., 
2023; Ando et al., 2019) methods, our proposed method performs 
better. On the dominant and ambiguous mixed dataset, compared to 
the soft labels method proposed in Ando et al. (2018), WA and UA are 
9.8% and 9.4% higher, respectively. This is because our label correction 
strategy can obtain more reliable emotion cognition from pre-trained 
exact models, rather than relying solely on the emotion distribution 
assigned by a few annotators. Compared to the multi-label method 
used in Ando et al. (2019), Li et al. (2023), the results showed that 
WA increased by 6.3% and 4.1%, respectively, while UA increased 
by 7.7% and 6.9%. One reason is that the two-stage training method 
in this paper fully utilizes ambiguous speech samples, increasing the 
model’s stability. Another reason is that the correction strategy using a 
balance factor enables no emotional bias multi-labels to gain emotional 
bias, allowing the model to have a clearer emotional learning direction 
during training.

Compared with the improved training methods (Chou and Lee, 
2019; Fujioka et al., 2020), the performance of our proposed method is 
optimal. Compared to the Joint-learning (2019) (Chou and Lee, 2019) 
method, our method can increase UA by 11.6%. Compared to the Meta-
learning (2020) (Fujioka et al., 2020) method, WA has improved by 
6.5% and UA has improved by 11.7%. This is because we not only 
address the ambiguity of samples with dominant labels (dominant 
dataset) but also consider the possibility of samples without dominant 
labels (ambiguous dataset) having ambiguity. We adopted a two-stage 
training method and used a label correction strategy to successfully 
extract effective emotion features from the ambiguous dataset that can 
promote emotion learning of the model, achieving further improvement 
in the recognition rate.

Importantly, since ambiguous datasets contain samples where hu-
mans cannot reach an emotional consensus, they are more difficult 
to use for emotion learning than dominant datasets. This can also be 
seen from the experimental results, where the emotion recognition rate 
9

of the dominant dataset (9.8% and 9.4%) is significantly higher than 
that of the ambiguous dataset (WA = 65.2% and UA = 66.5%), as 
is also the case with the experimental results of studies (Ando et al., 
2018; Li et al., 2023). However, our method for label correction on 
ambiguous datasets outperforms the soft label method (Ando et al., 
2018) by 11.6% WA and 12.5% UA, and outperforms the multi-label 
method (Li et al., 2023) by 4.7% WA and 4.8% UA. The reason is that 
our label correction strategy can adjust the labels of ambiguous speech 
samples through pre-trained exact models, making the labels not only 
dependent on the emotion cognition of a small number of annotators 
but also using a balance factor to indicate the emotion bias of the target 
labels for model training. In addition, it can be observed from the table 
that using a mixture of dominant and ambiguous datasets for training 
can improve the performance of emotion recognition. This is because 
there are differences in the data distribution of the training set. Training 
sets that only contain clear data or ambiguous data are one-sided in 
guiding model training, making the model training incomplete. In the 
real world, speech cannot be clear or ambiguous, so training sets that 
consider both clear and ambiguous speech are more appropriate for 
real-life scenarios. We take into account the mixed condition of clear 
and ambiguous speech, which is also an advantage of our method.

5.2. Ablation analysis

The comparison with hard labels, soft labels, multiple labels, and 
improved training methods described above proves the superiority of 
our proposed approach. To further analyze the specific reasons, we 
will analyze some ablation experiments, including the effects of the 
spatial-domain-assisted temporal-domain label correction strategy, and 
the effect of sample distribution on the performance of the model.

(1) The effect of spatial domain assisted temporal domain

As can be seen from Table  4, the temporal domain processing 
for speech is more effective, so we use the temporal domain as the 
main focus, and the spatial domain as a complement. To explore the 
complementary effects of the spatial domain on the temporal domain, 
Table  4 shows the fusion between spatial and temporal domains and 
provides further analysis using the confusion matrix as shown in Fig. 
6.

In this comparative experiment, the training data is data with 
dominant labels (𝑆𝐴 + 𝑆𝐵), and the test set data are also derived 
from these two sets. The single-temporal domain method uses average 
pooling after the temporal pyramid module, while the single-spatial 
domain method uses a four-classifier after global pooling. The remain-
ing settings remain unchanged. From Table  4, it can be seen that 
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Fig. 6. The confusion matrix of spatial and temporal domain ablation experiments.
Table 4
The ablation of spatial and temporal domains.
 Fold Method

 Spatial Temporal Spatial assist temporal
 WA (%) UA (%) WA (%) UA (%) WA (%) UA (%)  
 1 55.4 60.0 66.8 68.1 71.9 74.4  
 2 56.7 58.2 64.4 64.8 69.0 70.7  
 3 56.0 61.1 68.0 73.1 72.2 75.8  
 4 53.4 56.7 65.9 68.0 73.6 74.9  
 5 52.6 54.4 63.5 64.0 68.3 68.6  
 6 54.8 53.1 62.5 61.7 68.0 67.9  
 7 50.4 52.8 60.5 62.2 67.3 69.6  
 8 54.7 53.6 64.1 61.9 72.4 68.1  
 9 47.9 55.0 55.7 59.1 66.8 66.6  
 10 56.7 59.1 65.6 68.8 69.0 71.0  
 Average 53.9 56.4 63.7 65.2 69.9 70.7  

the single-temporal domain method achieves WA = 63.7% and UA = 
65.2% performance, while the spatial domain-assisted temporal domain 
method can improve WA by 6.2% and UA by 5.5%, indicating that 
the spatial domain contains effective emotion information that the 
temporal domain lacks.

Further, the spatial domain’s effect on the temporal domain’s emo-
tion classification can be observed in the confusion matrix in Fig.  6. 
From Fig.  6(a), it can be seen that the single-spatial domain method 
is easily confused with other emotion categories in terms of happiness 
and neutrality. This problem also exists in the single-temporal-domain 
method (Fig.  6(b)). Comparing Fig.  6(a) and (b), the single spatial 
domain method has a higher recognition rate for sadness, while the 
single temporal domain method has a higher recognition rate for 
anger, indicating that the spatial domain and temporal domain have 
different emotion advantages. After combining spatial-domain emotion 
features into the temporal domain (Fig.  6(b)), the recognition rates 
for happiness and neutral categories increased by 10.47% and 6.14%, 
respectively, on top of the single-temporal-domain approach, alleviat-
ing the problem of emotion confusion that often occurs when using a 
single-temporal-domain approach for happiness and neutral categories. 
Additionally, the recognition rates of anger and sadness also increased, 
by 2.29% and 3.39% respectively, indicating that the fusion module can 
combine the emotion advantages of both spatial and temporal domains.

(2) The effect of the label correction

Table  5 presents the ten-fold cross-validation results for both the 
hard label correction and soft label correction strategy, as compared 
to the no label correction. Additionally, because the balance factor in 
formulae (6) and (8) are critical to label correction strategies, further 
discussion is provided on the impact of the balance factor on label 
correction strategies, as illustrated by the line chart in Fig.  7.
10
Table 5
Performance comparison of the label correction.
 Fold Method

 No correction Hard label correction Soft label correction
 WA (%) UA (%) WA (%) UA (%) WA (%) UA (%)  
 1 70.0 73.0 71.3 74.1 71.7 73.5  
 2 67.9 69.9 68.7 70.2 68.7 69.2  
 3 70.2 75.2 72.5 74.0 73.5 75.9  
 4 75.2 75.9 73.4 75.8 73.8 75.4  
 5 67.9 68.6 67.7 68.0 67.7 68.6  
 6 70.5 69.9 67.4 66.0 69.1 67.7  
 7 64.9 67.0 70.2 71.7 70.9 72.9  
 8 73.4 66.7 69.1 64.4 71.5 66.8  
 9 69.0 69.3 66.0 67.6 68.2 69.2  
 10 69.5 71.3 68.5 71.8 71.7 72.7  
 Average 69.8 70.7 69.5 70.4 70.7 71.2  

In the experiment, the training data includes 𝑆𝐴 and 𝑆𝐵 with 
dominant labels, as well as 𝑆𝐶 with no dominant label. Among them, 
𝑆𝐴 and 𝑆𝐵 target single labels, and 𝑆𝐶 target multiple or generated 
labels, and test sets are derived from 𝑆𝐴 and 𝑆𝐵 . This experiment first 
verifies the impact of soft label correction and hard label correction on 
the model performance. Therefore, 𝜆 = 1, indicating that, for the class 
𝑆𝐶 separately generated hard labels or soft labels. Additionally, when 
unlabeled data is corrected to 𝜆 = 0, it indicates that 𝑆𝐶 exclusively 
focuses on using multiple labels as targets. Table  5 shows the average 
results of the above three methods in WA and UA. Based on the average 
results, it can be seen that the hard label correction strategy decreases 
the performance of non-label correction. This is because the single 
emotion expression form of hard labels cannot represent the multiple 
emotion mixtures of ambiguous speech. The soft label correction strat-
egy improves the performance of non-label correction, indicating that 
the generated soft labels obtained from pre-trained exact models are 
effective for model emotion learning, and soft labels with emotion bias 
are more suitable as emotion learning targets for ambiguous speech 
than multiple labels without emotion bias.

Further, a more detailed comparison of the impact of the balance 
factor 𝜆 on the label correction strategy is shown in Fig.  7. It can be 
seen that the performance impact of the balance factor 𝜆 on WA and 
UA is similar. Specifically, when the balance factor 𝜆 is greater than 
0.3, the WA and UA of the soft labels correction strategy outperform 
the hard labels correction strategy. This is consistent with the above 
results for soft label and hard label correction when 𝜆 = 1, indicating 
that the soft label correction strategy is indeed superior to the hard 
label correction strategy. At the same time compared to 𝜆 = 0.3, the 
model performance at 𝜆 = 0 (which corresponds to not utilizing the 
exact model of the first stage, when the labels of the ambiguous speech 
are not corrected) performs worse, which suggests that utilizing the 
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Fig. 7. The effect of the balance factor.
exact model of this paper helps to improve the model performance. In 
addition, there is a peak in the curve changes in both Fig.  7(a) and (b), 
indicating that the balance factor can adjust the relative importance of 
the original multiple labels and the model-generated labels, resulting 
in better performance in model learning.

(3) The effect of correcting the number of speech samples

Due to the experimental results above showing better correction 
effects for soft labels, we experimented to analyze the impact of the 
correction sample size on the performance of the model using soft 
label correction strategies. Table  6 presents the experimental results. 
On this basis, in order to better demonstrate the impact of different 
speech sample sizes on emotion classification, Fig.  8 shows the t-SNE 
visualization of the optimal and original results.

Table  6 shows the experimental results of analyzing and correcting 
the number of speech samples using soft label correction strategies with 
different balance factor 𝜆. For the selection of the number of corrective 
speech samples, we adopted two methods. One method is to correct 
only the multiple labels of the ambiguous speech sample 𝑆𝐶 , while 
maintaining the target label of 𝑆𝐵 as the dominant label, and the test set 
comes from 𝑆𝐴 and 𝑆𝐵 . The other is to correct the ambiguous multiple 
labels of the main label sample 𝑆𝐵 and the ambiguous label sample 
𝑆𝐶 , and the test set comes from 𝑆𝐴. The reason is that the labels of 
𝑆𝐵 and 𝑆𝐶 both have differences in human emotion perception, while 
𝑆𝐴 does not, so experiments were conducted on these two methods. 
From Table  6, it can be seen that the model performance is optimal 
when the balance factor 𝜆 = 0.8 is used and 𝑆𝐵 and 𝑆𝐶 are corrected. 
This indicates that although the 𝑆𝐵 sample has the emotion labels 
recognized by most people, there are still errors in the emotion label 
representation given to it.

Fig.  8 illustrates the representative emotion clustering results for 
four scenarios using the t-SNE method, which are (a) only correcting 
the ambiguous speech sample 𝑆𝐶 with the balance factor 𝜆 = 0, at 
which point the label for 𝑆𝐶 is expressed by the original multi-label 
representation; (b) When the balance factor 𝜆 = 0.5 is set only to correct 
the ambiguous speech samples 𝑆𝐶 , the labels of 𝑆𝐶 are expressed by 
combining the original multiple labels and the soft labels generated by 
the exact model; (c) Correct the ambiguous samples 𝑆𝐵 with dominant 
label and ambiguous speech samples W3 when the balance factor W0 
is applied, and the labels of 𝑆𝐵 and 𝑆𝐶 are expressed by the original 
multiple labels. (d) Correct the ambiguous samples 𝑆𝐵 with dominant 
label and ambiguous speech samples without dominant label 𝑆𝐶 when 
the balance factor 𝜆 = 0.8. At this time, the labels of 𝑆𝐵 and 𝑆𝐶 are 
expressed by a combination of the soft labels generated by the exact 
model and the original multiple labels. As can be seen from the figure, 
11
Table 6
The ablation of correcting samples.
 𝜆 Method

 Correct 𝑆𝐶 Correct 𝑆𝐵 + 𝑆𝐶

 WA(%) UA(%) WA(%) UA(%)  
 0 69.8 70.7 68.7 69.9  
 0.1 70.9 71.6 69.5 70.5  
 0.2 70.5 71.5 70.4 71.3  
 0.3 71.4 71.9 71.2 72.5  
 0.4 71.9 72.5 70.6 71.9  
 0.5 72.0 72.3 71.7 72.4  
 0.6 71.7 72.3 72.3 72.8  
 0.7 71.2 72.1 71.7 72.6  
 0.8 70.9 71.7 72.4 73.1  
 0.9 70.9 71.8 71.4 71.9  
 1 70.7 71.2 69.9 71.1  

the degree of emotion clustering is from small to large (c)<(a)<(b)<(d). 
When replacing the dominant label of 𝑆𝐵 with multiple labels, the 
degree of emotion clustering is reduced, as multiple labels cannot 
indicate the explicit emotion preferences of the model training samples, 
i.e., (c)<(a). When using soft labels generated from pre-trained exact 
models to adjust the without emotion bias multiple labels, the model 
has a clear emotion bias when learning the features of the training 
samples, resulting in a significantly higher degree of emotion clustering 
for (b) and (d) than for (a) and (c). When soft label correction is added 
to 𝑆𝐵 , the emotion clustering effect is also improved, such as orange 
happy and green sad clustering. Therefore, (b)<(d).

6. Summary

The proposed model demonstrates certain advantages in ambiguous 
speech emotion recognition, and its effectiveness has been verified 
through systematic experiments. Experimental results on the IEMOCAP 
dataset show that the method achieves a weighted accuracy of 72.4% 
and an unweighted accuracy of 73.1%, outperforming current state-
of-the-art approaches. These results further confirm the suitability of 
the proposed model in handling emotionally ambiguous speech. The 
design of the spatial–temporal auxiliary network enhances the model’s 
ability to capture complex emotional features. Combined with the 
label correction strategy, it effectively utilizes previously neglected am-
biguous samples, thereby improving overall recognition performance. 
Furthermore, the spatial–temporal fusion mechanism and the two-stage 
training strategy help the model inherit more stable emotion discrimi-
nation capabilities from a pre-trained model, thus reducing reliance on 
subjective annotations.
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Fig. 8. T-SNE diagram.
Despite the aforementioned achievements, this study still has cer-
tain limitations. First, the label correction process is currently per-
formed offline, which means the model may not be able to update 
in real time to adapt to newly emerging cases of emotional ambigu-
ity in practical applications. Future work should explore online label 
correction mechanisms, enabling the model to continuously learn and 
optimize in dynamic environments. Second, although the soft label 
correction strategy demonstrates better performance than hard label 
correction, precisely adjusting the balancing factor to achieve optimal 
emotion learning objectives across different scenarios remains a chal-
lenge. Moreover, the generalizability of the selected balance factor 𝜆
across different datasets or tasks still requires further validation. Fur-
thermore, with the emergence of more diverse and large-scale speech 
datasets, it will become increasingly important to explore more efficient 
spatial–temporal information fusion methods to further improve the 
accuracy and robustness of emotion recognition. These unresolved 
issues highlight the need for continued research efforts to advance 
fuzzy speech-based emotion recognition toward broader real-world 
applications.
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