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Multitask Transformer for Cross-Corpus Speech
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Chung-Soo Ahn, Rajib Rana, Carlos Busso, Fellow, IEEE , Jagath C. Rajapakse, Fellow, IEEE

Abstract—Deep learning has significantly advanced the field of Speech Emotion Recognition (SER), yet its efficacy in cross-corpus
scenarios remains a challenge. To overcome this limitation, recent studies demonstrate the success of multitask learning, which uses
auxiliary tasks to reduce difference between source and target dataset (or transfer knowledge from source to target datasets). Despite
the efforts, the overall accuracy for cross-corpus SER is still relatively low and needs attention. To improve performance, we propose a
multitask framework with SER as the primary task and contrastive learning and information maximization as auxiliary tasks. We design
the auxiliary tasks innovatively to use the target data without emotional labels to develop a better understanding of the target data. The
core of our multitask framework is a pre-trained transformer. While transformers have gained attention in SER, their application to
cross-corpus scenarios is still limited. Multimodal approaches for cross-corpus scenario is substantially limited as well. We use text as
the second modality, developing separate multitask transformers for audio and text and conduct decision-level fusion during inference.
We use publicly available and widely used speech corpora, including the IEMOCAP, MSP-IMPROV and EMO-DB databases. The
results demonstrate the benefits of the proposed approach, achieving improved performance on the benchmark databases in
cross-corpus settings.

Index Terms—Contrastive learning, cross-corpus speech emotion recognition, speech emotion recognition, transformers

✦

1 INTRODUCTION

S PEECH Emotion Recognition (SER) has become a promi-
nent focus in research, marked by continuous advance-

ments driven by the successful integration of deep learning
technologies, as evidenced in [1]. Notably, the widespread
adoption of pre-trained transformer models in diverse au-
dio applications, such as audio representation learning [2],
underscores their effectiveness in SER. This effectiveness is
demonstrated through a direct fine-tuning approach, as out-
lined in [3], [4]. Alternatively, there is an emerging strategy
involving transformers pre-trained on audio spectrograms
[5], offering a viable alternative to utilizing raw waveform
inputs through Wav2Vec2 [2].

A significant challenge within SER is the cross-corpora
evaluation, aiming to achieve generalization across dis-
parate datasets [6], [7]. Cross-corpus SER, a subset of SER,
is a task targeted toward transferring emotion recognition
knowledge from a source dataset to a target dataset [6],
which is nowadays achieved by employing deep learning
models [8]. Recent strategies involve multitask learning [9]–
[11], wherein a deep learning model is trained with the
classification loss of the SER task and other tasks that do not
utilize emotion labels. A typical procedure in cross-corpus
SER involves training the model initially with source data
containing emotion labels and subsequently training it again
(which is often considered as transfer procedure) with target
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data without emotional labels. Multitask learning combined
with data augmentation has achieved state-of-the-art perfor-
mance [11], a strategy particularly beneficial for transformer
models that demand substantial data quantities. Many of
recent works employed fine tuning methods of pre-trained
transformer for SER [12]–[15]. Yet, as the fine tuning method
is a supervised learning task, its effect on cross-corpus
SER was limited. Thus, implementing transformers with
multitask learning with unsupervised auxiliary tasks holds
promise for improving cross-corpus SER.

The multitask learning scheme incorporates multiple
training objectives to facilitate cross-corpus training. Various
tasks, or training objectives, has been explored in cross-
corpus SER [8], typically reducing the feature difference
between source dataset and target dataset [16]–[19] or other
unsupervised learning objectives that does not require emo-
tional labels [9], [20], [21]. Among the various techniques,
contrastive learning has emerged as a notable unsupervised
method, drawing recent attention [22], [23]. It endeavors to
learn effective representations by attracting positive pairs
and repelling negative pairs. In a typical contrastive learn-
ing scheme, two augmented samples from the same data
instance are designated as positive pairs; otherwise, they
serve as negative pairs. This design empowers the model to
glean rich information, resembling a supervised classifier,
albeit without the need for labels. In effect, similar data
points are attracted to each other to have close distances
in the representation space. Dissimilar data points repels
each other and have far distances in the representation
space. This knowledge can be interpreted as the internal
structure of the dataset. However, it is important to note
that contrastive learning does not explicitly focus on learn-
ing the gap between clusters, where gap between clusters
represents knowledge for classification. Conversely, the In-
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formation Maximization (IM) loss operates on the cluster
assumption [24], positing that a superior classifier will learn
to identify class boundaries with substantial margins. The
IM loss, optimized without labels, solely maximizes infor-
mation content (or minimize entropy) computed from logits.

In this paper, we leverage both contrastive learning and
the IM loss, hypothesizing that these two methods can
complement each other, thereby enhancing performance in
classifying data from a new source without the availability
of class labels. By combining the strengths of contrastive
learning and IM loss, we learn rich knowledge of classifica-
tion boundary for both source and target datasets, without
utilizing emotional labels from the target domain.

While cross-corpus SER has predominantly focused on
the audio modality, extending these approaches to include
different modalities, especially text [8], presents an open
challenge. A natural extension is to explore multimodal
emotion recognition (MER), encompassing both audio and
text. However, cross-corpus MER introduces a non-trivial
challenge for fusion with cross-corpus generalization. We
acknowledge the complexity arising from the higher speci-
ficity of trained fusion models, with input feature sizes
doubling compared to unimodal inputs. In this paper, we
address the above-mentioned challenges. Our contributions
can be summarised as follows.

1) We introduce a multitask transformer framework
for cross-corpus Speech Emotion Recognition (SER),
incorporating contrastive learning and information
maximization (IM) as auxiliary tasks to enhance
generalization.

2) We extend the framework to multimodal emotion
recognition (MER) with separate multitask trans-
formers for audio and text, utilizing decision-level
fusion during inference.

3) We demonstrate state-of-the-art performance on
benchmark datasets, including the IEMOCAP, MSP-
IMPROV, and EMO-DB databases, in cross-corpus
settings.

2 RELATED WORK

This section aims to provide an in-depth analysis of the
existing literature and identify the gap that we intend to
address. We discuss deep learning and multitask learning
studies tackling challenges of cross-corpus SER in the first
two subsections. We then delve into specific transformer-
based and multimodal methods for cross-corpus SER in
the following two subsections. Finally, we summarize the
research gaps identified in this section.

2.1 Deep Learning for Cross-Corpus SER
Deep learning-based methods are widely used for cross-
corpus SER [8]. Typical deep learning architectures, such
as convolutional neural network (CNN) or recurrent neural
networks (RNN), have been used for cross-corpus SER tasks
[21], [25], [26]. Autoencoders [21], [25] are also often used
for cross-corpus SER. Autoencoder uses reconstruction loss
to learn from unlabelled target data, which can be achieved
using generative models by generating synthetic data [20],
[28], [33]. Another approach for cross-corpus SER is to

enforce a model to learn invariant representation across
domains [10], [17], [20], [34], subspace learning [18], [19],
or transformation from target to source domains [40].

2.2 Multitask Learning for Cross-Corpus SER
Multitask learning with various auxiliary tasks has been
proposed [9]–[11], [34] for SER as the primary task. Domain
adversarial loss [17], [20], [34], [41], center loss [11], [34],
and reconstruction(or denoising) loss [9] are typical choice
of auxiliary tasks. We propose contrastive loss coupled
with information maximization loss obtained for clustering
unlabeled target data as the auxiliary tasks, which, to our
knowledge, it is the first time that this strategy has been
proposed.

2.3 Transformer Models for SER and Cross-Corpus
SER
Transformer models have been popularly used for vari-
ous tasks using speech modality [2]. They have also been
actively researched for SER [31], [35], [37]–[39]. But the
use of transformer for cross-corpus SER has only recently
started [12], [16]. Moreover, the above studies did not adopt
augmentation to increase the volume and variability of data.
Also, we believe that the adoption of fine-tuning of pre-
trained transformer is beneficial to cross-corpus SER [42].
Exploration of fine-tuning approach deserves thorough ex-
ploration as it can harness rich information learned during
pre-training.

2.4 Multimodal Models for SER and Cross-Corpus MER
Multimodal models have gained some attention for SER
[43], while many recent studies employed transformers [31],
[35], [37]–[39], [44]. However, the multimodal scheme for
cross-corpus emotion recognition remains unexplored. To
our knowledge, only one study has covered cross-corpus
MER [26]. While most literature focuses on exploiting
sophisticate multimodal methodology to naively achieve
state-of-the-art, little research was conducted in generaliza-
tion. As practical interest lies more on generalization issue,
rather than emotion recognition accuracy, cross-corpus MER
demands more investigations.

2.5 Summary
We briefly summarise the existing studies in Table 1. The
gaps are as follows.

1) Multitask learning has been explored for cross-
corpus SER. However, we are the first to propose
contrastive learning coupled with information max-
imization loss to cluster target data as an auxiliary
task.

2) Multimodal models have been used for SER but
rarely for cross-corpus MER.

3) Transformers have been used for SER, but its use is
very new in the cross-corpus SER.

The primary objective of this study is to enhance the accu-
racy of cross-corpus emotion recognition by addressing the
gaps in the existing research, focusing mostly on SER but
also extending our approach to MER. As per the literature,
the baseline accuracy in this context is significantly low, and
our aim is to contribute towards a substantial improvement.
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TABLE 1
Summary of our literature survey to compare our method with representative studies on cross-corpus SER and MER.

Author Year Cross-corpus Transformer Multimodal Multitask learning Augmentation Contrastive Learning
as Auxiliary Task

Gideon et al. [17] 2019
Neumann et al. [25] 2019
Sahu et al. [26] 2019
Luo et al. [27] 2019
Bao et al. [28] 2019
Dissanayake et al. [21] 2020
Latif et al. [10] 2020
Parthasarathy et al. [9] 2020
Shukla et al. [29] 2021
Ahn et al. [30] 2021
Zhou et al. [31] 2021
Chen et al. [32] 2021
Su et al. [33] 2022
Latif et al. [20] 2022
Gao et al. [34] 2022
Takashima et al. [35] 2022
Rajapakshe et al. [36] 2022
Latif et al. [11] 2022
Arezzo et al. [12] 2022
Hsu et al. [37] 2023
Wang et al. [38] 2023
Luo et al. [39] 2023
Gao et al. [16] 2023
Ours

3 METHODOLOGY

We propose a multitask transformer technique to tackle
cross-corpus speech emotion recognition (SER) and cross-
corpus multimodal emotion recognition (MER). The centre
of the technique is a multitask framework embodying a
pre-trained transformer. The constrastive learning and the
information maximization (IM) loss, key novelties in our
multitask framework, attracts or repels data samples accord-
ing to similarity or cluster membership. Which is a intuitive
way to form classification boundary without emotional la-
bels. Furthermore, the pre-trained transformer is adopted
as a backbone due to capability of contextual learning [5]
and generalizability of pre-trained model [3]. Our model
consists of an audio and text multitask transformer, as
depicted in Fig.1. Each transformer is separately trained.
Multimodal emotion recognition is achieved by performing
decision-level fusion by adding logits propagated from each
transformer during inference. In the following subsections,
we will describe the components of our model.

3.1 Audio multitask transformer
3.1.1 Data augmentation
We devised five types of augmentation ({ai, i = 1 . . . 5}) as
presented in Table 2. The augmentation is performed using
APIs from ‘torch-audiomentations’ [45] with same name
of waveform transformation methods with its parameter
setting. This approach boosts the volume of data by five
times. Augmentation is performed twice per data sample
to obtain two augmented samples, as two parallel streams
are needed for contrastive learning. Augmentation labels
are assigned according to augmentation type, and later

used in an augmentation-type classifier. Let us denote the
augmented audio input signal as xa. Previous work [11]
showed that SER performance is affected largely due to
changes in data size but a little due to the type of augmen-
tation used. Thus, we used conventional method based on
signal transformation for augmentation, not sophisticated
methods such as mixup [46]. Moreover, we increased the
number of data samples to multiple of five, while previous
work [11] only increased to the multiple of four. We intend
to reconfirm the hypothesis that the increased sample size
is more significant than augmentation method. Thus, we
changed augmentation methods to simpler transformation
and increased from factor of four to factor of five, to ensure
that the observed performance improvement is legitimately
caused by the sample size increment.

3.1.2 Pre-trained Audio Spectrogram Transformer (AST) [5]
Audio Spectrogram Transformer (AST) is a transformer
based model architecture that takes spectrogram as input
rather than raw waveform of audio. Considering that spec-
trogram can be visualized as an image, AST has an archi-
tecture similar to Vision Transformer (ViT), with necessary
modifications to cater to different requirement from image
data obtained with spectrogram [5]. The originally proposed
AST was first pretrained on ImageNet and finetuned on
AudioSet [47] data, an audio event classification dataset
collected from YouTube videos [5]. In our work, we adopt
the AST fine-tuned on AudioSet data as pre-trained AST
and further fine-tuned on SER task.

The raw input waveforms are transformed into a log-
mel-spectrogram with a 128-dimension feature size, 25ms
window, and 10ms stride. Input features are passed through
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Fig. 1. The proposed multimodal approach to SER, consisting of (i) audio multitask transformer and (ii) text multitask transformer. The two multitask
transformers are trained separately and their outputs are fused at the decision layer during prediction.

TABLE 2
Augmentation types used for audio multitask transformer adopted from ‘torch-audiomentations’ [45]

Augmentation Type Waveform Transformation

a1 Gain(-15db ∼ 5db,p=0.3), PolarityInversion(p=0.3)
a2 Gain(-15db ∼ 5db,p=0.3), PolarityInversion(p=0.3),Shift(p=0.3)
a3 Gain(-15db ∼ 5db,p=0.3), PolarityInversion(p=0.3), TimeInversion(p=0.3)
a4 BandStopFilter(p=0.3), PeakNormalization(p=0.3), Shift(p=0.3)
a5 Gain(-15db ∼ 5db,p=0.3), PolarityInversion(p=0.3), AddColoredNoise(p=0.3)

patch embedding layer before the transformer layers, which
consists of 12 transformer layers. We sum up a total of
13 representations corresponding to the patch embedding
layer and the intermediate representations of transformers
layers. The sum is computed with learnable weights. The
resulting representation is average-pooled to obtain the
final representation before the classification layer. The final
representation before the classification layer is referred to as
the AST output ha:

ha = fast(xa). (1)

where fast denotes the AST transfer function.

3.1.3 Speech emotion recognition task

The primary task is the SER prediction of the emotional class
c from the AST output ha. The class label is predicted by a
fully-connected layer, which can be formulated as

ŷa = softmax(Wha + b). (2)

The weights W and biases b of the fully connected layers are
learned during training. The weights and biases are learned
by minimizing the cross-entropy loss LSER:

LSER = −E{
∑
c

1(ya = c)log(ŷa)}. (3)
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where ya denotes the ground truth label for augmented
input xa, summation is taken over all class labels c, and
E computes the expectation over sample space.

We introduce three other losses (tasks) to enhance per-
formanc of the cross-corpus SER.

3.1.4 Contrastive learning loss
The network propagates two AST outputs from two aug-
mented inputs, denoted as ha and h′

a. Then we compute
contrastive learning (CL) loss, which effectively empow-
ers AST output to attract positive data samples and repel
negative pairs [22], [23]. The positive pairs are formed by
two AST outputs from two augmented samples, which are
computed from single data samples. The negatives pairs are
formed by pairing with other samples from the minibatch.

Inspired from Chen et al. [23], we compute the latent
variable z by feeding h through a single hidden layer feed-
forward network as:

za = V σ(Uha), (4)

where σ is the rectified linear unit (ReLU) activation. Sim-
ilarly, we obtain z′a from h′

a from the second augmented
input. Then, we compute the CL loss:

LCL = −log
exp

(
sim(zia, z

′i
a)/τ

)
∑B

j=1 exp
(
sim(zia, z

′j
a)/τ

) . (5)

where zia refers to the ith sample of the latent variable za
in the mini batch and zja refers to za from the forward pass
of the jth samples of the minibatch. sim refers to the cosine
similarity score 1, which is a inner-product between unit
normalized vectors. The batch size is referred tok as B.

The hyperparameter τ is the temperature [48], which
controls the smoothness of the softmax function.

3.1.5 Information Maximization (IM) loss
Our approach intends to learn clusters from the AST out-
puts, inspired by Krause et al. [24] and Liang et al. [49].
We compute the IM loss by computing expected entropy
regularized by the empirical label’s entropy.

LIM = −E{ŷalog(ŷa)}+ E{p̂alog(p̂a)}, (6)

where the empirical label distribution p̂a is obtained by
simply averaging over softmax output from data points ŷja
in the minibatch, containing ŷa: p̂a = 1

B

∑B
j ŷja. The first

term of equation (6) is the entropy over the samples ŷa. In
other words, the same head is used for both LSER and LIM .
Supported by the cluster assumption [24], classifiers are

expected to be more robust to differences between corpora.
Note that the loss function in (6) does not need class labels,
which is different from the to cross-entropy loss.

3.1.6 Augmentation-type classification loss
The third task, inspired from [11], is defined using labels
assigned from the augmentation function:

Laug = −E{
∑
ai

1(yaug = ai)log(ŷaug)}. (7)

1. sim(a, b) = a⊤b
∥a∥∥b∥

where ŷaug denotes the output from a fully connected layer
predicting the augmentation label and yaug represents true
augmentation type label from {ai, i = 1 . . . 5} (Table 2).

3.1.7 Total loss
The total loss for the training objective is computed by
summing up all the losses mentioned above for training.

Ltotal = Lemo + λCLLCL + λIMLIM + λaugLaug (8)

where λCL,λIM , and λaug are hyperparameters that weigh
the importance of each loss and are to be empirically deter-
mined.

3.2 Text multitask transformer
Text multitask transformers share a similar architecture to
the audio multitask transformer. So, in this subsection, we
only describe the components that are not common between
the two transformers.

3.2.1 Data augmentation
Our approach also include data augmentation for the text,
but we need to ensure that the augmentation does not
alter the affective information. We employ the augmenta-
tion technique ‘token cutoff’ [50], where ‘cutoff’ randomly
removes the information from the input embedding matrix
in a more structured manner. For example, for BERT [51], the
input embedding matrix consists of tokens. To make sure
that no information corresponding to the removed tokens
is left, token cutoff converts embedding indices to 0. The
augmentation-type classifier is not used for text, as only one
type of augmentation is used. For the sake of consistency
with the audio multitask transformer, the text augmentation
was performed five times.

3.2.2 Pre-trained BERT [51]
BERT is well-known transformer architecture pre-trained for
general NLP tasks, pre-trained on BooksCorpus [52] and
text data collected from English Wikipedia pages.

A BERT-specific tokenizer tokenizes a text transcript.
Similar to the audio multitask transformer, the text multi-
task transformer consists of total 13 representations, repre-
sentation after patch embedding layer and every interme-
diate representations of transformer layers, are summed up
with learnable weights. The input for text is denoted by y,
and the corresponding BERT output is denoted by ht.

3.2.3 Total loss
The total for the training objective for text is computed
similarly to the total loss for the audio multitask trans-
former. The only exception is that we do not consider the
augmentation-type loss, as aforementioned.

3.2.4 Decision level fusion
Our model achieves multimodal emotion recognition by
fusing transformer output from each modality only during
inference. Decision-level fusion is performed by adding
logits forward propagated from AST and BERT outputs. To
differentiate the components from each modality, we denote
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the modality of each term with superscript, a,t for audio
and text, respectively.

ŷat = softmax(Waha + ba +Wtht + bt). (9)

where Wa and ba are the biases and weights for the audio
stream, and Wt and bt are the biases and weights for the text
stream, respectively, at the fusion layer.

4 EXPERIMENTAL SETUP

4.1 Datasets
We use three publicly available datasets: the IEMOCAP,
MSP-IMPROV and EMO-DB corpora, which are widely
used in SER research.

4.1.1 IEMOCAP [53]
This corpus consists of approximately 12 hours of conver-
sation between two actors in English. Ten actors were re-
cruited to record five sessions in a laboratory environment.
Each session consists of two actors’ dialogues prepared
with a script or improvisation with minimal context pro-
vided. Each turn was segmented and saved as an utterance.
However, not all utterances are used in our experiment,
as some emotion categories have few samples. To keep
emotion labels consistent with other datasets, we focused
on four basic emotions: neutral, happiness (excited was in-
corporated into happiness), sadness, and anger. As a result,
we selected 5,531 utterances consisting of neutral (1,708),
happiness (1,636), sadness (1,084), and anger (1,103) for the
experiment. We obtained raw ‘wav’ format recordings from
each utterance for audio input and ground truth transcripts
for text input. We randomly shuffled the 5,531 utterances
and split them according to the experiment settings, which
will be described later in this paper.

4.1.2 MSP-IMPROV [54]
This dataset was constructed similarly to the IEMOCAP
dataset. It consists of recording dyadic conversations be-
tween 12 actors in English. Each session was recorded from
two actors’ dialogue and segmented per each turn. How-
ever, the emotion elicitation methodology is the difference
between the IEMOCAP and MSP-IMPROV datasets. The
target sentence was defined for MSP-IMPROV, and actors
were required to express different emotions with the same
sentence. To ensure natural elicitation, actors were asked
to improvise and build up the situation where the target
sentence could naturally be expressed with the intended
emotion. Also, actors were asked to read the target sentence
with the intended emotion to incorporate the difference
between the read and acted sentences in the dataset. The
dataset includes recording from the improvised sentences
to elicit target emotion as well. The intended emotion cat-
egories were only four: neutral, happiness, sadness, and
anger. Although a few utterances were labelled with other
emotions, we only used neutral, happiness, sadness, and
anger. As a result, we used 8438 utterances consisting of
neutral (3477), happiness (2644), sadness (885), and anger
(792). Like the IEMOCAP, we obtained raw ‘wav’ format
recording for audio (needed resampling from 44100Hz to
16000Hz) and ground truth transcript as text as the input of
the model during training.

4.1.3 EMO-DB [55]
This corpus is an emotional speech dataset collected from 10
German-speaking actors, which is considered to be a foun-
dational dataset for the SER problem. It consists of 800 ut-
terances with seven emotions and was recorded in a tightly
controlled environment. Thus, the speech recording has the
least noise and ambiguity in emotion. However, to keep a
consistent emotion category, we only used 535 utterances
consisting of neutral (275), happiness (71), sadness (127),
and anger (62). Note that EMO-DB is in German while other
datasets are in English. Its transcript were intentionally
curated to be neutral. For these reasons, EMO-DB cannot
be used for text-based emotion recognition experiments.

4.2 Experiment settings
The study involves two sets of experiments to evaluate the
model. The first experiment is a cross-corpus SER, which
trains an audio multitask transformer on the source data for
the SER problem, adapts to the target train data without
emotional labels, and then tests the model for inference
on the target test data. The second experiment is a cross-
corpus multimodal emotion recognition, where a text multitask
transformer is trained on the source data for the text emo-
tional recognition problem and adapts to the target train
data without emotion labels. The model is then tested on the
target test data using both audio and text transformers with
decision-level fusion to predict emotion labels. The data
augmentation pipeline is applied only to the training data,
and it explicitly multiplies the number of samples inside
each epoch.

The source data was split into 90% training set (Str) and
10% validation set (Sva), while 30% of the target dataset
without labels was used as the training set (Ttr), and the
remaining portion was reserved for the testing set (Tte).
The model was trained on Str and Ttr alternatively per
each epoch, and the training was halted when the accuracy
did not improve from the previous epoch. We record the
unweighted average recall (UAR) on Tte. Each experiment
result presented in the next section is obtained by running
ten rounds of randomised runs of training and testing
followed by a statistical summary.

4.2.1 Audio multitask transformer model configuration
We set the hyperparameters of the total loss empirically
as follows: λCL = 0.5, λIM = 0.5, and λaug = 0.1.
The values were determined during preliminary experiment
where we only use source data to check the validity of the
model. Afterwards, value were fixed and never altered in
the following experiments for cross-corpus training. To train
the model, we use a pre-trained transformer downloaded
from ’https://huggingface.co/MIT/ast-finetuned-audioset-
10-10-0.4593’. The learning rate is set to 1 × 10−4 and
decayed on a plateau by a factor of 0.1 with patience of
5. We measured the validation accuracy every 30 batch
instead of calculating it per epoch. The batch size is set to
64. Data augmentation is performed before preprocessing,
which involves converting the raw waveform into a spec-
trogram. The dimension of the spectrogram feature is set to
128, and the maximum sequence length is 1, 024. We use
12 transformer layers and 12 attention heads. The hidden
dimension is 768, and the size of the latent variable z is 128.
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4.2.2 Text multitask transformer model configuration
To train the model, we set the hyperparameters for the
total loss weights as follows: λCL = 0.5, λIM = 0.5,
and λaug = 0.0. λaug is set to zero as we do not use an
augmentation type classifier for text and the others were set
equivalent to audio. We download the BERT model from
’https://huggingface.co/bert-base-uncased’. The learning
rate and decay scheduler follow the same structure as the
audio transformer, starting with 1 × 10−4 and decaying by
a factor of 0.1. However, the batch size was set to 512, so
we measured validation accuracy in every 5th batch for the
source data and every 3rd batch for the target data. The
learning rate scheduler was set with the patience of 5. The
preprocessor tokenized the sentence, and data augmenta-
tion was computed after. We performed cutoff [50] data
augmentation by randomly masking the tokens with a 0
index with a probability of 0.15. The number of transformer
layers, attention heads, hidden size, and latent variable size
were set identically to those used for audio.

4.2.3 Multimodal transformer inference model configuration
The transformer models were trained modality-wise for
multimodal inference during final testing. However, in
the real world, target data will not be guaranteed to
be provided with a transcript. The model was there-
fore evaluated using transcribed text using a pre-trained
automatic speech recognition (ASR) model downloaded
from ’https://huggingface.co/jonatasgrosman/wav2vec2-
large-xlsr-53-english’. The downloaded model is based on
the Wav2Vec2 architecture, and a language model pipeline
was implemented as post-processing to obtain the final
transcription.

5 RESULTS

5.1 Cross-corpus SER experiment

5.1.1 IEMOCAP to MSP-IMPROV
The experiment for cross-corpus SER was initially carried
out with the IEMOCAP dataset as the source data and the
MSP-IMPROV dataset as the target data. The IEMOCAP

TABLE 3
Cross-corpus SER experiment on IEMOCAP to MSP-IMPROV

Model UAR

GAN [56] 43.6±1.3
Semi-supervisedAAE [10] 46.4±0.32

ADDi [20] 45.1±0.8
sADDi [20] 47.1±0.5

MTL-AUG [11] 48.1±0.30
Ours 50.3±1.3

TABLE 4
Cross-corpus SER experiment on MSP-IMPROV to IEMOCAP

Model UAR

GAN [56] 45.8±1.5
ADDi [20] 48.2±0.6
sADDi [20] 49.8±0.6

Ours 54.0±2.0

corpus is a widely used dataset for SER and cross-corpus
SER research, and it is known to have a relatively balanced
distribution of emotion classes. On the other hand, the
MSP-IMPROV corpus has a comparable structure to the
IEMOCAP but with a larger volume of data. This exper-
iment configuration is considered standardized, as it has
been studied more extensively than other combinations of
datasets [10], [11], [20], [56].

The results are presented in Table 3 and they signify the
superiority of our approach against existing studies. Many
of the previous works adopted adversarial learning [20],
[56], either using gradient reversal layer or minimax game to
learn similar representation between source and target data.
Our improved results indicate that unsupervised learning
based multitask learning can outperform adversarial learn-
ing based multitask learning.

5.1.2 MSP-IMPROV to IEMOCAP

Our method consistently outperforms state-of-the-art in the
case of MSP-IMPROV to IEMOCAP experiments (refer to
Table 4). Most of the previous works are observed to adopt
adversarial learning, while most recent work attempted to
use more tasks as in multitask learning with data aug-
mentation [20]. Likewise, our method exploits multitask
learning and data augmentation but adopts transformer and
contrastive learning to achieve significant improvement of
5% over the state-of-the-art. Since the MSP-IMPROV has
larger volume of data, every method in our comparison
yields improvement over the case of the IEMOCAP to MSP-
IMPROV experiments.

5.1.3 IEMOCAP to EMO-DB

TABLE 5
Cross-corpus SER experiment on IEMOCAP to EMO-DB

Model UAR

GAN [56] 44.3±1.7
ADDi [20] 46.1±1.6

MTL-AUG [11] 46.8±1.4
sADDi [20] 48.3±1.5

Ours 61.8±12.0

TABLE 6
Impacts on duplicating data samples on IEMOCAP to EMO-DB in SER

experiments

Duplication amount UAR

Original size 52.3±7.4
Duplicated ×2 54.3±9.1
Duplicated ×4 58.3±7.7
Duplicated ×6 59.5±8.7
Duplicated ×8 61.8±12.0

Next, we run cross-corpus SER experiment from IEMO-
CAP to EMO-DB. EMO-DB is another common dataset
based on German language. First, we observed that the
number of data samples in the IEMOCAP dataset is sig-
nificantly higher than that of the EmoDB corpus. So, we
hypothesized that naively duplicating data samples of the
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EmoDB corpus until its size is similar to that of the IEMO-
CAP corpus can improve performance. We progressively in-
creased the dataset size by a factor of two, and we observed
that the performance was optimal when it duplicated eight
items.

As shown in Table 5 our methods achieves significant
improvement in the IEMOCAP to EMO-DB experiment. The
results of our method in Table 5 is obtained after additional
experiments in Table 6. We progressively duplicated the
EMO-DB corpus in rate of 2, 4, 6, 8 to examine the effect of
multiplicating the volume of the dataset. Although we are
duplicating the dataset, we can safely assume that we are
increasing dataset size as we exploit data stochastically. The
overall results proves that our method outperforms existing
methods even without duplication of the dataset. Duplicat-
ing the dataset size 8 times yielded the highest performance,
yet it is worth to note that the variance of the performance
also increased. Also, we observed that cross-corpus SER
performance started to decrease when duplication factor is
above 8.

5.1.4 EMO-DB to IEMOCAP
We also ran cross-corpus SER experiment from EMO-DB
to IEMOCAP. Again, we ran additional experiments by
progressively duplicating the data samples of EMO-DB. We
observed the similar trends, when compared with IEMO-
CAP to EMO-DB, that

TABLE 7
Cross-corpus SER experiment on EMO-DB to IEMOCAP

Model UAR

DANN [41] 40.5±2.0
GAN [56] 40.3±1.7
ADDi [20] 41.2±1.8
sADDi [20] 44.8±1.6

MTL-AUG [11] 41.5±1.6
Ours 45.9±3.2

TABLE 8
Impacts on duplicating data samples on EMO-DB to IEMOCAP in SER

experiments

Duplication amount UAR

Original size 44.1±3.3
Duplicated ×2 45.5±1.3
Duplicated ×4 44.2±3.2
Duplicated ×6 43.0±3.0
Duplicated ×8 45.9±3.2

Our results shows consistent superiority against existing
studies in Table.7. EMO-DB is a small dataset and it was
repeatedly augmented, but still our method outperformed
state-of-the-art. The performance reached the best scores
when we duplicated dataset 8 times. The performance with-
out duplication was slightly lower then some state-of-the-art
methods [20].

5.2 Multimodal cross-corpus SER experiment
Multimodal experiment results can be found in Table 9. As
explained in the last paragraph, ‘Audio + Text’ used the

TABLE 9
Multimodal experiment on IEMOCAP to MSP-IMPROV

Model UAR

Audio only 50.3±1.3
Text only 40.4±1.2

Audio + Text 54.4±0.98

TABLE 10
Comparison with existing cross-corpus multimodal emotion recogntion

on IEMOCAP to MSP-IMPROV

Model UAR

Sahu et al [26]: Audio + Text(transcribed from ASR) 40.08
Ours: Audio + Text(transcribed from ASR) 52.9±1.0

same transformer for ‘Audio’ and ‘Text’ with decision-level
fusion for final prediction. No training was done for mul-
timodal fusion, and accuracy improvement was observed
after decision-level fusion. Our experiment results show that
our methods improve over uni-modal cross-corpus SER;
we obtained 4% improvement adding the text modality to
cross-corpus SER.

Although our model is trained on a dataset with the
ground-truth transcript provided, this might be unrealis-
tic. To our knowledge, only one paper has studied cross-
corpus SER on audio and text [26], which also assumes
that no ground-truth transcript is provided. For the sake
of comparison against this work, we conducted additional
experiments. We assume that the ground truth transcript
is difficult to obtain, so the model is trained with ground
truth transcript using Automatic Speech Recognition(ASR)
output instead of ground truth during testing.

The results are presented in Table 10, showing that
our method also outperforms existing studies. Furthermore,
our multimodal cross-corpus SER method has only a 2%
decrease in accuracy when we used transcribed text instead
of ground truth transcript, depicting the robustness of our
method.

5.3 Ablation study

TABLE 11
Ablation study of cross-corpus SER on IEMOCAP to MSP-IMPROV

Model UAR

All tasks (λaug = 0.1) 50.3±1.3
Exclude Contrastive Learning LCL 47.0±2.4

Exclude Information Maximization LIM 47.3±1.3
Exclude Augmentation Laug 50.5±1.7

All tasks (λaug = 0.5) 47.1±2.5

Replace AST to Wav2Vec2 46.0±3.2
Training without target data 45.6±2.8

We conducted an ablation study focused on the multi-
task framework, in which we intend to examine the relative
importance of each task in multitask learning. The results
are described in Table 10. The ablation study is conducted
on the IEMOCAP to MSP-IMPROV setting.

The results show that contrastive learning and infor-
mation maximization (IM) loss significantly contribute to
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TABLE 12
Ablation study cross-corpus text emotion recognition on IEMOCAP to

MSP-IMPROV

Model UAR

all tasks 40.4±1.2
exclude Contrastive Learning LCL 39.8±0.6

exclude Information Maximization LIM 38.8±0.6

achieving overall performance. Contrastive learning and IM
loss are capable of learning the structure of the dataset,
which enables efficient transfer of emotion classification
knowledge to the target dataset. The exclusion of augmen-
tation type classification yielded an increase in variance but
not much change in the mean of UAR.

We vary λaug to see how performance vary and found
at 0.5 and found the performance dropped significantly. We
also validated our choice of using AST over other trans-
former model like Wav2Vec2 and confirmed that switching
to AST yielded significant improvement in the performance.
We suspect that Wav2Vec2 is geared toward speech recog-
nition, focusing on the elements (most likely phonemes)
within a sequence. On the contrary, AST focuses on audio
classification inferring from whole sequence. Therefore, AST
performs better than Wav2Vec2 in SER, where emotion is
inferred from a whole utterance rather than on phonemes.
Finally, we examined the significance of training with target
data (without emotional labels) by removing the target
data during training. Removing the target data in training
resulted in lower performance.

As seen in Table 12, an ablation study was conducted on
text modality as well. Similar to audio modality, both con-
trastive learning and information maximization loss have
significant impact on the performance.

6 CONCLUSION AND FUTURE WORK

In conclusion, the challenge of cross-corpus speech emotion
recognition (SER) and cross-corpus multimodal emotion
recognition (MER) has been notably addressed through the
novel approach presented in this paper. Our primary contri-
bution was introducing contrative learning and information
maximization (IM) loss to the area of cross-corpus SER. With
these two unsupervised tasks combined, we were able to
achieve successful transfer of emotion classification knowl-
edge from source dataset to target dataset. Furthermore,
this methods were implemented on pre-trained transformer,
which have been recently shown successes in SER area, as a
multitask transformer for cross-corpus SER.

Secondly, we adapt the framework of multitask trans-
former for cross-corpus SER to text modality with minor

TABLE 13
Experiment results on IEMOCAP to MSP-PODCAST

Model UAR

Audio only 43.3±0.7
Text only 41.7±0.9

Audio + Text 46.0±0.9

modification. We also achieved cross-corpus MER with sim-
ple decision level fusion. Cross-corpus evaluation of MER
has not been explored before, and even with simple exten-
sion from cross-corpus SER to cross-corpus MER achieved
significant improvement of 4%.

Empirical results confirm the efficacy of our proposed
approach, showcasing superior performance compared to
the best-reported results in cross-corpus SER. Furthermore,
targeted experiments reveal that the key contributors to this
performance enhancement are the auxiliary tasks of con-
trastive learning and information maximization loss. This
advances our understanding of the mechanism behind the
observed improvements and underscores the potential of
these auxiliary tasks in refining cross-corpus SER and MER
systems.

Our experimental results have demonstrated the appli-
cability of our approach to three widely used datasets for
Speech Emotion Recognition (SER): IEMOCAP [53], MSP-
IMPROV [54], and EMO-DB [55]. While these datasets are
commonly used in the field, they are all collected in con-
trolled laboratory environments, which limit their general-
izability to real-world scenarios. This limitation suggests the
necessity of further research using more realistic datasets,
such as MSP-PODCAST [57].

MSP-PODCAST is a naturalistic dataset of substantial
size, comprising 238 hours of speech recordings, compared
to IEMOCAP’s 12 hours. This large volume introduces
additional complexity when testing cross-corpus transfer
methods. Specifically, the MSP-PODCAST dataset captures
more diverse emotional expressions and varied recording
conditions typical of natural settings, increasing the chal-
lenge for SER models. Studies have shown that this in-
creased variability leads to a higher variance between the
training and test datasets, making it harder to achieve the
same performance levels as those obtained with controlled
datasets [57].

Compared to datasets like MSP-IMPROV, MSP-
PODCAST exhibits a significantly larger variance between
the training and test data, further complicating model
generalization. This makes any performance degradation
observed on MSP-PODCAST normal and expected when
transitioning from controlled datasets to real-world natu-
ralistic datasets. Given this dataset’s inherent challenges,
it is crucial to note that performance in these conditions
often reflects the complexity of the task rather than the
effectiveness of the method itself.

We conducted preliminary experiments using the IEMO-
CAP dataset as the source and MSP-PODCAST as the test
dataset, training a multitask transformer model that incor-
porates both modalities (refer to Table 13). To the best of
our knowledge, this represents the first attempt to apply
cross-corpus Multimodal Emotion Recognition (MER) on
MSP-PODCAST data. Given the challenges posed by the
dataset, the results achieved are promising and provide a
solid foundation for further research.

In future work, we plan to enhance our approach by
exploring advanced techniques, such as aggregating multi-
ple source datasets [33], [58], and employing data augmen-
tation methods. These efforts aim to mitigate the inherent
complexities of working with naturalistic datasets like MSP-
PODCAST and further push the performance boundaries.
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The results in Table 13 are expected to serve as a benchmark
for evaluating the effectiveness of these new methods.
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