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Abstract—This work addresses the challenge of building speech
emotion recognition models that generalize effectively across
different domains, particularly when only limited target domain
data is available with or without emotional label information.
Traditional models often struggle with cross-domain performance
due to the variability in emotional expressions and the lack of
alignment between the training and target domains. We propose
a novel approach that prioritizes aligning the emotional label
distribution of the training data with that of the target domain by
undersampling the source domain. Even though we intentionally
reduce the size of the training set from the source domain, the
emotional content alignment leads to clear performance improve-
ments, outperforming models trained with the complete training
set. This strategy highlights the importance of aligning emotional
attributes during training, helping to create robust emotion
recognition models across diverse applications. Our findings also
reveal that performance significantly improves when even a small
amount of labeled target domain data is available, allowing for
a more accurate assessment of the emotional distribution in the
target domain.

Index Terms—Speech emotion recognition, Target-domain
adaptation,

I. INTRODUCTION

Emotion recognition, particularly in speech, plays a critical
role in various human-computer interaction systems, enhanc-
ing their ability to understand and respond to users’ emotional
states [1]-[5]. Effective emotion recognition can significantly
improve the user experience in applications such as virtual
assistants, mental health monitoring, and customer service by
enabling systems to offer more personalized and empathetic
interactions [6]-[8]. However, building models that generalize
well across different domains remains a challenge due to the
variability in emotional expressions across cultures, languages,
and contexts [9], [10]. To increase the robustness of speech
emotion recognition (SER), it is essential to develop models
that perform robustly not only on the datasets they are trained
on but also on unseen domains, making cross-domain emotion
recognition a key focus area in the field [11]-[15].

Despite the growing interest in cross-domain emotion recog-
nition, existing approaches often fail to perform satisfactorily
on new datasets. Many models tend to overfit the training data,
capturing specific patterns that do not generalize well to other
domains [16]. This issue is particularly problematic when the
target domain has limited labeled data available for training.
Previous attempts to improve cross-domain performance have

included techniques such as domain adaptation and transfer
learning. Even though recent unsupervised domain adaptation
(UDA) strategies showed significant improvements in cross-
domain SER tasks, the overall performance is still very low
compared to within-corpus results. Naini et al. [17] demon-
strated that UDA strategies show more relative improvement
when the target dataset differs significantly from the training
data. Particularly, when the training and target domain datasets
contain a significant shift in the emotional distribution, trained
models tend to be biased towards the content in the train-
ing domain. While acoustic domain mismatches between the
source and target domains are definitely essential to reduce, we
argue that matching the distribution of the emotional content
is equally important. SER studies often neglect this research
direction.

This study proposes a novel approach to aligning the
distribution of the emotional content in the source and target
domains. The approach selectively uses only the training data
that share a similar emotional distribution with the target
domain. We implement this approach using pseudo labels
obtained by predicting the emotional content in the target
domain. Our approach undersamples the training set, creating
training sets with emotional distributions that resemble the
distribution of the target domain.

We evaluate our proposed approach for the prediction of
the emotional attributes valence, and arousal. Our exper-
iments demonstrate that this distribution-aligning approach
significantly improves cross-domain emotion recognition per-
formance. When the training data’s emotional attributes are
closely aligned with those of the target domain, the model
is better able to capture the nuances of emotion in the new
context, leading to more accurate predictions. Interestingly,
we observe that even when we reduce the size of the training
set to achieve this alignment, the model’s performance still
surpasses that of models trained on the entire training set. This
finding highlights the importance of mitigating the distribution
mismatch in the emotional content conveyed in the source
and target domains. The results underscore the potential of
strategically curating training data based on emotional attribute
distribution to enhance cross-domain performance. By priori-
tizing the alignment of these attributes between training and
target domains, we can develop more adaptable and effective
emotion recognition models, paving the way for more accurate
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and reliable applications in diverse real-world settings.

II. RELATED WORK

Improving the performance of SER models across different
test conditions and domains has been a focal point of research.
Early efforts, such as those by Han et al. [18], focused
on enhancing the consistency of emotion recognition across
sub-classification tasks, demonstrating that more consistent
emotion rankings can lead to better generalization. Similarly,
Martinez et al. [19] showed that transforming emotional at-
tributes into ranks rather than discrete classes can improve
model performance in varied conditions. The advances in self-
supervised learning (SSL) models such as wav2vec2 [20]
have further pushed the boundaries, leveraging large amounts
of unlabeled data to learn robust speech representations.
However, these models often require careful adaptation to
maintain performance across different domains, as highlighted
by research from Hsu et al. [21]. In SER, SSL-based models
have led to higher performance than models trained with
traditional speech representations [22]-[24]. Naini et al. [17]
showed that UDA strategies are also effective with SSL-based
models.

Addressing the variability in emotional attributes across do-
mains, recent research has begun to focus on aligning arousal,
valence, and dominance distributions between training and tar-
get datasets. Traditional SER models have often neglected the
importance of these distributions, which are critical for cross-
domain generalization. Lotfian and Busso [25] emphasized the
benefits of managing emotional attributes carefully, suggesting
that aligning these distributions can enhance model robustness.
Building on this insight, our work proposes a method that
selectively curates training data to match the AVD distribution
of the target domain, resulting in improved performance in
cross-domain SER scenarios. This approach highlights the
potential of emotional attribute alignment in enhancing the
generalization of SER models across diverse applications.

III. METHODOLOGY

The proposed strategy improves SER model performance
across domains by aligning the emotional attribute distribu-
tions of the training and target data, addressing distributional
differences that hinder generalization. In the following subsec-
tions, we present the proposed distribution alignment strategy
for two scenarios: one where a small portion of labeled target
domain data is available, and another where no target domain
labels are accessible.

A. Distribution Alignment with Labeled Target Domain Data

In this scenario, we aim to align the emotional attribute
distributions between the source and target domains to improve
the generalization of the SER model. The emotional attributes
(arousal, valence, and dominance) are often distributed differ-
ently across domains, and these discrepancies can lead to sub-
optimal model performance when training on the entire source
dataset without considering the target domain distribution.
To address this problem, we align the source data to match

the emotional attribute distribution of the target domain. The
emotional score distribution of the target domain is obtained,
and a subset of the source domain data is selected to mirror this
distribution. The process involves dividing the target dataset
into n bins based on the emotional attribute scores. The
emotional attributes are often annotated using a Likert scale.
First, we normalize the scores in the range -1 and 1. Then,
we use the n bins to divide the space. Suppose t1,%a,...,t,
represents the set of samples in each of the target set bins,
where t; represents all the samples in the first bin. Similarly,
81,82, ..., Sy represent the samples from the source database
that are included in the bins. Then, we estimate

K:min{|51|,|82|,...,|sn} (D
lta] " |22 [tn]

$; Cs; suchthat |§;|=K-|t;], 1<i<n

where |A| represents the cardinality of the set A, and §;
represents the samples in the resampled source dataset that is
used for training. By aligning the emotional attributes between
the training and target datasets, the model is better equipped
to generalize to the target domain, resulting in improved
performance. This method leverages the availability of labeled
data in the target domain to create a distributional aligned

training set, enabling better generalization across domains.

B. Distribution Alignment without Target Domain Labels

In the previous scenario, we assumed access to a small
labeled subset of the target domain. However, in many real-
world scenarios, obtaining labeled target domain data is not
feasible due to time, cost, or privacy constraints. To address
this challenge, we propose an approach that leverages pseudo-
labels predicted by a state-of-the-art SER model. Instead of
using actual target domain labels, this method uses a pre-
trained SER model to predict the emotional attribute scores
(arousal, valence, and dominance) for the target dataset. These
predicted labels, denoted as t; for each bin i, serve as a
proxy for the true emotional attribute distribution. Although
these pseudo-labels are estimates, they allow us to perform
distribution alignment similarly to the case with labeled data.
After obtaining the pseudo-labels, we replace #; in place of t;
in Eq. 1 to obtain a resampled source dataset that is used for
training.

We further enhance this approach by introducing an itera-
tive procedure. After obtaining the initial pseudo-labels and
resampling the source dataset to match the predicted target
distribution, we train the model using this resampled source
data. Once trained, the updated model is used to generate
a second iteration of pseudo-labels for the target dataset,
potentially improving the accuracy of the predicted emotional
attribute scores. We then resample the source dataset again,
using the newly predicted labels to align the source distribution
with the updated target pseudo-labels. This iterative process
continues, with the source data being resampled and the model
retrained until the performance improvement plateau on a
development set of the source domain. The iterative refinement

Authorized licensed use limited to: IEEE Xplore. Downloaded on March 19,2025 at 04:17:54 UTC from IEEE Xplore. Restrictions apply.



of pseudo-labels allows the model to gradually better align
the source distribution with the target domain, resulting in
enhanced generalization performance.

IV. EXPERIMENTAL SETTING
A. Resources

In our experiments, we leverage four public corpora. We
use the MSP-Podcast dataset [26] as the source domain. We
use the VAM [27], RECOLA [28], and WHiSER [29] datasets
as target domains. These corpora are selected since they have
different mismatches with the source domain (e.g., language,
emotional content, environmental recordings).

The MSP-Podcast corpus [26] is the primary dataset used
in our study for English-speaking data. We work with version
1.11 of this corpus, which includes 151,654 speaking turns
gathered from various audio recordings, all available under
Creative Commons licenses. For training, we use a subset
consisting of 84,030 speaking turns. The dataset also includes
a development set with 19,815 segments and a test set,
referred to as test set 1, which contains 30,647 segments. Each
speaking turn in the dataset has been annotated by at least
five different raters, who provided ratings on the emotional
attributes valence (negative versus positive), arousal (calm
versus active), and dominance (weak versus strong) using a
7-Likert scale. They also annotated the primary and secondary
emotions. We focus on the prediction of emotional attributes.

This study uses three different datasets as target domains
to evaluate our methodology. The first dataset, VAM [27],
consists of 12 hours of audiovisual recordings from a German
TV talk show, where participants openly discussed their per-
sonal and relational issues. The dataset includes 947 utterances
capturing spontaneous emotions expressed by 47 participants
in unscripted conversations. Due to the nature of the program,
the emotional distribution is predominantly negative, making
it a challenging dataset for emotion recognition. The second
dataset, RECOLA [28], is part of the REmote COLIlaborative
and Affective database, which was originally used in the Au-
dio/Visual Emotion Challenge (AVEC). This study uses the full
RECOLA dataset, which contains 46 recordings divided into
training, development, and testing sets, balanced by gender,
age, and native language. The VAM and RECOLA datasets
are used to evaluate our approach to predicting the emotional
attributes arousal, and valence. We also include the WHiSER
corpus [29], which comprises 5,427 speech segments derived
from President Nixon’s Oval Office recordings between 1971
and 1973 [30]. These segments, ranging from 3 to 11 seconds,
provide a valuable test set for evaluating emotional attributes
in challenging conditions, such as distant speech and noisy
environments.

B. Experimental Setup

This section describes the four experimental cases consid-
ered in our study. Each case explores different approaches to
target domain adaptation, from using the full source domain
dataset to more advanced techniques involving distribution
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Fig. 1: (a) [lustration of source data used for training in Case
1 vs Case 2 (b) Illustration of source data used for training in
Case 1 vs Case 3

alignment and pseudo-labeling. Fig. 1 illustrates the experi-
mental setup, showcasing the differences between the various
cases we considered. Case 1 is a model trained on the entire
MSP-Podcast source dataset without any modifications to the
data distribution. The model predicts the emotional attributes
(arousal, and valence) based on the source domain. The model
is then evaluated on the target datasets (VAM, RECOLA,
and WHiSER) without considering any alignment between the
source and target domain distributions. This approach serves
as a baseline to observe how well the model generalizes
across domains without any distribution adaptation. This case’s
performance illustrates the challenges of directly applying
a model trained on one domain to another without domain
adaptation. In Case 2, the performance is improved by aligning
the emotional attribute distributions of the source dataset with
that of the target domain. We assume that a representative
portion of the target domain is labeled. The target domain’s
emotional attributes are divided into bins, and a subset of the
source dataset is resampled to match the target distribution.
As shown in Fig. 1(a), the solid line represents the source
distribution, while the dotted line represents the resampled
subset of source data. Training the model on this aligned
source data better reflects the target domain’s emotional char-
acteristics, leading to improved generalization. In Case 3, we
perform distribution alignment using pseudo-labels, which are
generated by a pre-trained SER model (as shown in Fig. 1(b)).
Here, no labeled data from the target domain is assumed to be
available. Instead, the model predicts the emotional attributes
of the target dataset, and these predicted labels, or pseudo-
labels, are used to estimate the emotional attribute distribution
of the target domain. The source data is then resampled to
match this pseudo-distribution. Fig. 1(b) illustrates this, where
the solid line represents the full source data, and the dotted
line represents the resampled source data based on the pseudo-
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TABLE I: concordance correlation coefficient (CCC) of the
baselines (case-1) and proposed methods for arousal, valence
and categorical. The table reports results for Case-1, Case-
2, case-3 and Case-4 (Sec. IV-B). The symbol * indicates
that using the proposed framework significantly improves the
corresponding baseline method.

[ Case 1 Case2 Case3 Case4
Arousal (CCC)
VAM 0.301 0.314*  0.310* 0.312*
RECOLA 0.538 0.557*  0.551* 0.551*
WHiISER 0.299 0.308* 0.303 0.303
Valence (CCC)
VAM 0.261 0.316* 0.298* 0.307*
RECOLA 0.493 0.509*  0.503* 0.507*
WHiSER 0.392 0.417*  0.408* 0.411*

labels. This process enables the model to generalize better to
the target domain, even in the absence of actual target labels.
Case 4 builds on this strategy by introducing an iterative
pseudo-labeling approach. After training the model using the
resampled source data from Case 3, the newly trained model
generates a second iteration of pseudo-labels for the target
dataset. The source data is then refined and resampled again
to match these updated pseudo-labels. This iterative process
continues until the performance improvement plateaus, further
refining the source-target distribution alignment and enhancing
generalization across domains.

C. Implementation Details

In our experiments, we utilized the wavLM-large model
[31], a state-of-the-art self-supervised learning (SSL) model
from the Hugging Face library [32], trained on English speech
data. We select this model due to its robustness in speech-
related tasks and its ability to generalize across domains.
For emotional attribute prediction (arousal, valence, domi-
nance), we fine-tuned the wavLM-large model by adding
a downstream deep neural network (DNN) head. The fine-
tuning process was guided by a cost function that optimized
the concordance correlation coefficient (CCC) for all three
attributes. After fine-tuning, we freeze the model’s parameters,
and the SSL model is used as a feature extractor to train the
SER model on the source domain data.

We utilized two high-performance resources to training
and testing the models. We performed fine-tuning and model
training on an EC2 g5.4xlarge instance equipped with an
NVIDIA A10G GPU while we ran other experiments on an
NVIDIA GeForce RTX 3090 GPU. We employed the Adam
optimizer [33] with a learning rate of 10e-5, ensuring that the
model converged efficiently.

V. EXPERIMENTAL RESULTS

To determine if the results are statistically significant, we
employed a one-tailed t-test, considering significance at a p-
value less than 0.05. This statistical analysis verified that the
observed improvements across different cases were not due
to random chance. Table I shows the results. The proposed
method of aligning the emotional attribute distributions of the
source and target domains led to better performance.

We observed notable improvements in CC across the VAM,
RECOLA, and WHiISER datasets. For arousal, Case 2, which
involved matching the training data distribution with the target
domain using actual labels, achieves significant improvements
over the results in Case 1. The approximate gains were ~ 4.3%
for VAM, ~ 3.5% for RECOLA, and ~ 3.0% for WHiSER.
These results indicate that aligning the emotional distribution
with the target domain yields consistent benefits. Case 3,
where we use pseudo-labels to estimate the target domain’s
distribution, also showed improvements over Case 1 across
all datasets. However, the gains were slightly smaller than the
results for Case 2. For WHiSER, the improvement in arousal
was more modest (~ 1.3%) since the arousal distribution
of the WHISER corpus is relatively similar to that of its
distribution on the source domain (i.e., MSP-Podcast). Case
4, which applied the iterative refinement process, resulted in
marginal gains compared to Case 3, particularly in the VAM
and RECOLA databases, where the iteration process helped
improve the performance further. For valence, the results are
more significant. Case 2 produced the highest gains, with an
improvement of ~ 21% for the VAM corpus, which is the
dataset with the most distinct valence distribution compared
to the source domain. We observe improvements of ~ 3.2%
for the RECOLA database and ~ 6.3% for the WHIiSER
database. The WHiSER corpus benefited more in the valence
prediction task than in arousal, as the valence distribution of
WHISER is very different from its distribution in the source
domain. Case 3 also resulted in moderate improvements across
all datasets. Using pseudo-labels leads to better performances
than Case 1, approaching the CCC values observed in Case
2, where we use the actual labels from the target domain.
Case 4 showed a slight improvement over Case 3, but the
overall improvements were smaller compared to Case 2. These
results reinforce the importance of aligning the training data’s
emotional distribution with that of the target domain.

VI. CONCLUSIONS

In this study, we proposed a novel approach to improving
cross-domain speech emotion recognition by aligning the emo-
tional attribute distributions of training data with that of the
target domain. We evaluated our methodology through a series
of experiments exploring scenarios where we have some labels
from the target domain or when we estimate the target domain
distribution using pseudo labels predicted by SER models. The
results demonstrated that our approach significantly enhances
the prediction of the emotional attributes arousal, and valence,
especially when the training data is carefully curated to match
the emotional landscape of the target domain. The proposed
iterative refinement process further underlines the importance
of continual adaptation and fine-tuning in achieving robust
SER models. Future work could explore integrating more
sophisticated techniques for estimating emotional distributions
and apply this approach to other modalities and languages,
broadening the applicability and effectiveness of the method
in real-world scenarios.
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