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Abstract—Speech Emotion Recognition (SER) refers to the
recognition of human emotions from natural speech, vital for
building human-centered context-aware intelligent systems. Here,
domain shift, where models’ trained on one domain exhibit per-
formance degradation when exposed to an unseen domain with
different statistics, is a major limiting factor in SER applicability,
as models have a strong dependence on speakers and languages
characteristics used during training. Meta-Learning for Domain
Generalization (MLDG) has shown great success in improving
models’ generalization capacity and alleviate the domain shift
problem in the vision domain; yet, its’ efficacy on SER remains
largely unexplored. In this work, we propose a ‘“domain-shift
aware” MLDG approach to learn generalizable models across
multiple domains in SER. Based on our extensive evaluation,
we identify a number of pitfalls that contribute to poor models’
DG ability, and demonstrate that log-mel spectrograms repre-
sentations lack distinct features required for MLDG in SER. We
further explore the use of appropriate features to achieve DG in
SER as to provide insides to future research directions for DG
in SER.

Index Terms—deep learning, meta-learning, speech emotion
recognition, domain generalization, domain shift

I. INTRODUCTION

Human emotions are impulses that influence our daily
decisions. Speech Emotion Recognition (SER) has recently
attracted growing attention to realize human-centered context-
aware intelligent systems in many fields, such as customer
support call review and analysis [[1]], mental health surveil-
lance [2], and smart vehicles [3]]. The task of SER is to classify
human emotional states by analyzing speech utterances. As
emotional states are not clearly defined from a linguistic
perspective, researchers have utilized the “palette theory” [4]
to compose a set of core emotions (i.e., anger, fear, joy,
surprise, sadness and disgust), that can be combined to express
any emotional state (termed compound emotion).

In the past, classification and regression algorithms were
applied to a set of hand-crafted features (e.g. zero-crossing
rate) to produce a probability distribution over a predefined
set of emotions. With the advent of deep learning, the re-
search focus has shifted towards end-to-end deep learning SER
networks, which can now perform both feature extraction and
classification. Here, log-mel spectrogram have become the “de
facto” audio feature due to its ability to compactly capture
both temporal and spatial relations [S], [6]. Authors of [7],
[8]] utilized CNN-based models to determine relations between
sequences of input utterances to produce a compressed vector

to effectively capture local features and characteristics of
the input data. LSTM architectures have also been explored
to capture both long-term contextual dependencies and local
cues, greatly improving SER across multiple speakers [5].
In [9]], an LSTM with attention mechanism was proposed to
focus on specific parts of a spoken utterance that contains
vital emotional information. A common limitation of these ap-
proaches is strong dependency of the models on the utterances
and languages. In particular, the performance of models trained
with specific ethnic groups significantly deteriorates when
models are exposed to different speakers or languages [10].
This poor generalization performance while performing cross-
lingual (training across languages) or cross-corpus (training
across different datasets) training is the main limiting factor in
SER applicability, which is further intensified by the sparsity
of available speech emotion data.

Meta-learning for Domain Generalization (DG) is a learning
paradigm that aims to eliminate the well-known performance
degradation problem occurring when a model trained in one
source domain is applied to a target domain with different
statistics (“domain shift”). For this purpose, MAML [11]] was
proposed to improve generalization and to achieve fast adapta-
tion to new domains in a model-agnostic fashion. MLDG [|12]]
adjusted the learning objective of MAML to concentrate on
generalization over multiple domains rather than few-shot
learning over multiple tasks. Nonetheless, meta-learning for
DG approaches are yet to be explored in SER, where the quan-
tity of available data and generalization of proposed methods
introduce two crucial challenges significantly affecting SER
applicability in most real-life applications [13].

In this regard, we investigate applicability of meta-learning
to mitigate the effect of “domain shift” introduced by multiple
corpora, speakers’ characteristics, and distinct environmen-
tal settings by utilizing MLDG [12], motivated to create a
generalized model for practical applications. Unfortunately,
due to a set of pitfalls discussed in Section [V} the proposed
approach did not yield the expected improvement in model’s
generalizability performance. Our main contributions are as
follows:

o To the best of our knowledge, this work is the first
to improve SER across multiple corpora and speaker
characteristics by proposing a Domain-shift Aware Meta-
Learning for Domain Generalization (DA-MLDG).

o Through vast evaluations with diverse public datasets, we



demonstrate that DA-MLDG is able to improve the mod-
els’ generalizability in SER; yet, improvement remains
inferior to one obtained in the image domain.

« We identify a set of contributing pitfalls and present new
research paths for allowing meta-learning approaches for
DG in SER to flourish.

e Our open-source frameworkﬂ enables further study on
generalizability and related problems in SER.

II. RELATED WORK

Authors of [14] first investigated the use of deep learn-
ing in SER by utilizing a Bi-directional Long Short-Term
Memory (BLSTM) architecture to capture time-related rela-
tionships across log-mel spectrograms of input data. Along
this path, CNN-based architectures were also explored to
perform SER [7], [8]. It was shown in [15] that pre-training
a deep learning model can reduce the influence of small-
scale datasets and improve SER performance. Recently, multi-
corpora SER has attracted growing attention [10], [[16]], [[17],
where SER models performance has shown significant fluctu-
ations due to differences in pronunciations and enunciations
across distinct languages. Here, the reported accuracies do not
exceed 65% [16], [[17]. Authors in [5]] report similar perfor-
mance deterioration between speaker dependent and indepen-
dent experiments, using a CNN-LSTM architecture. Recently,
a framework for evaluating the generalization capacity of
utterance-level SER deep learning models has been proposed
in [10], highlighting the fact that using a limited number of
datasets and samples can lead to biased evaluation. In [18],
[19], an ensemble of multiple trained models over multiple
SER tasks was proposed to improve models’ generalization
capacity. However, this approach has significant computational
overhead and suffers from scalability issues.

Recently, numerous meta-learning approaches have been
proposed in the vision domain to achieve generalization and
fast adaptation, when sparse labeled data exist in a particular
task. MAML [11] performs few-shot learning by fine-tuning
the source model across multiple tasks through simulating
transfer learning across the tasks. While improving the perfor-
mance of few-shot learning, it also improves generalization.
MetaReg [20] adds a regularizer to the loss function. The
regularizer is updated regularly using a meta-learning objective
to prevent overfitting and to enable DG over a wider domain
distribution. MASF [21]] uses meta-learning by introducing an
episodic training model to simulate domain shifts. This method
is then used to minimize errors from two objectives - Global
Class Alignment Objective and Local Sample Clustering Ob-
jective. Doing this aligns data from similar domains to form
clusters independent of the datasets. MLDG [12] is similar to
MAML, except that it performs domain generalization by fine-
tuning the source model across multiple datasets by simulating
domain shift across the source domains.

Uhttps://github.com/vtsouval/DA_MLDG

MLDG in SER context. While meta-learning for improving
generalization has been extensively explored in the vision
domain, it has only recently attracted attention in SER [22],
[23]]. In [22] and MetaASR [23|] two different variations of
MAML were introduced to achieve high emotion classification
accuracy over multiple languages. Authors of [22] proposed to
relax some original restrictions of MAML by fixing a number
of predefined classes along with varying number of classes for
every task to guide the model to learn differences between the
two classes. Authors of [23] used meta-learning with a Bi-
LSTM encoder to extract language independent features. The
aforementioned approaches have solely focused on domain
adaptation (i.e. fast adaptation to small-scale data for a partic-
ular language or speakers) and have not considered improving
models’ generalization capability. Furthermore, they suffer
when the test domain is entirely unavailable during training,
which is the case in most real-life applications as domain shifts
start after deployment. Utilizing meta-learning to perform
domain generalization in SER can overcome such issues and
widen SER applicability in real-life applications.

III. METHODOLOGY

Problem formulation. We aim to alleviate the “domain
shift” problem in SER, where models trained on a fixed set of
“domains” perform poorly when exposed to a new unseen do-
main. Our aim is to learn cross-corpus invariant features from
speech emotion data that originated from distinct “domains”
(i.e., speakers from diverse ethnic groups). If successful, the
amount of available training data from a particular “domain”
can be substantially decoupled from the predictive power of
models. Such separation will mean that SER can be expanded
on corpora with little to no label data (e.g., most non-english
corpus), which currently is the prominent barrier in improving
SER models’ generalizability [24].

Formally, under the DG setting, we have a set of “source
domains™, denoted by S = {S;}, (D is number of “source
domains”), from which we aim to learn common invariant
features to improve the performance on a closely-related (i.e.,
different statistics) “farget domain”, denoted by 7T . Here, in all
considered “domains” (both S and 7"), we aim to perform the
same SER task F, i.e., to classify speech utterances to C' core
emotions. Our objective is to learn the model’s parameters
©, which are able to learn the task £ across all domains
of S, such that it will generalize to the “target domain” T.
Specifically, the objective function we aim to minimize is:

D
0= argminZEe (S;), 1)
o =
where £(.S;) denotes the loss function on domain S;, and D
is the number of domains present in S.

DA-MLDG. We propose a domain-shift Aware MLDG
(DA-MLDG) approach (see Algorithm [I), which adaptively
computes the “domain shift” present between the meta-train
and meta-test, and further motivates learning cross-domain fea-
tures to improve models’ generalization capacity. Let py (y|z)
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Fig. 1: Domain-shift Aware Meta-Learning for Domain Generalization (DA-MLDG) in SER. In each training iteration, we execute the meta-train step, followed

by the computation of “domain-shift margin” between the meta-train/test set.

be a neural network parameterized by weights 6 that predicts
softmax outputs 7 for a given input x. To learn domain-
invariant features across all domains in S, at each training
iteration, we aim to simultaneously minimize losses from pairs
of non-overlapping meta-train/test subsets of S (referred to as
S’ and V) to resemble the “domain shift” between S and T,
thus, achieving model generalization over numerous training
iterations. Accordingly, we minimize the following:

min Lo=Ly(S")+~vLe (V), where

N C
ZcCE y.p (yl2)) ZZ log (f; (x;))

Here &’ and V correspond to the meta-training and meta-
test sets, £(+) denotes the average standard cross-entropy loss
(Lcg) over number of domains (D) present in each set, and NV
is number of samples in each domain. One may note that the
meta-test loss is minimized with respect to the updated model
parameters ¢, computed from the gradient V, with respect
to the meta-train loss as 6’ = 0 — nVy (L (S')). In essence,
we minimize the meta-test loss with respect to the update
step introduced from the meta-training set (in the form of the
second derivative of #). It is important to note that subsets S’
and V are randomly selected from S in each iteration.

2)

Domain-shift Margin. We weigh the influence of meta-
test step in each training iteration by introducing an adaptive
“domain shift” score, v, in Equation [3] In particular, v aims
to capture the margin of “domain shift” present between the
meta-train and meta-test subsets by computing the energy
score [25]] after the meta-train step is performed. Energy score
has proven to be an effective metric for detecting out-of-
domain samples, and in this work we propose to use it as a
proxy to identify the “domain shift” across multiple corpora.
Hence, we compute ~ in each training step, as follows:

N C
1 z/T
v =1E(S",por) — E(V,por)| . where E(:) = ‘N;log (Ze / ) ,

Model pre-training strategy. Pre-training models with

Then, model parameters are updated in a “domain-shift aware” meta-test step.

Algorithm 1 pa-M1DG: Domain-shift Aware Meta-Learning for Domain
Generalization in Speech Emotion Recognition. Here, parameter gamma
indicates the “domain-shift margin” between meta-train (S’) and meta-test
(V) sets, while 75 and 7 are the learning rate for the meta-train/test steps.

1: Initialization of model with pre-trained parameters 6.
2: for epoch e =1,2,...,FE do

3: for batch B € S do
4 Random split of domains: S’ and V < B
5: Meta-train Step: 0’ = 0 — nsVy (L (S’))
6: Cross-Domain Shift Margin: v = |£(S’,pg/) — E(V, pe/)|
7: Meta-optimization: Update 0
0=0—mn (Lo (S")+~- Ly (V)
8: end for
9: end for

massive out-of-domain datasets have become popular as they
equip the deep models with a better prior (i.e., initialization
weights) to solve downstream tasks [23]], [26]]. Apart from
the performance gain, pre-training on large-scale datasets
boosts models’ representation power; thus, amplifying the
model’s ability to learn domain-invariant features across a
wide-range audio-related tasks [15]. To this end, we pre-train
our model architectures using VoxCeleb [27], which consists
of over 150,000 samples obtained from 1,251 speakers. We use
spectrograms as inputs, computed from 2-second raw audio
samples using a hamming window of 25ms width and 10ms
step, as proposed in [27], while SGD with momentum (0.9)
and learning rate of 0.01 was utilized with a batch size of 64
for 50 epochs. In Section [[V] when referring to a pre-trained
model, we implicitly refer to such a pre-trained model.

IV. EXPERIMENTS

Datasets. As no public dataset is available for meta-
learning-based SER, we have constructed a dataset by
considering 10 publicly available SER datasets, namely
CREMA-D [28]], AESDD [29], CaFE [30], EmoDB [31]],
RAVDESS [32], TESS [33]], SAVEE [34], ShEMO [35],
EMOVO [36]], and IEMOCAP [37]. We choose a set of
five common emotions, namely happiness, sadness, anger,
fear and disgust, present across all datasets for our classifi-
cation tasks. With each dataset corresponding to a separate



Table I: Datasets utilized in the seven domain generalization scenarios.
Here, O and @ indicate the train and test domains, respectively.

Scenario 1 2 3 4 5 6 7 Average Accuracy
IEMOCAP @ 58.69 + 1.22
CREMAD O O O O 61.03 £ 1.07
SAVEE O O O O O 35.33 & 7.42
RAVDESS O @ O O O 71.15 £ 1.97
TESS o e (o] 99.75 + 0.04
AESDD o 68.52 + 2.98
CaFE [ ] 49.58 + 2.76
EMOVO (o] 4321 + 4.26
ShEMO o e e 79.02 + 2.06
EmoDB O O (o] 88.75 4 5.49

domain, these datasets were carefully selected to capture a
wide range of speakers’ characteristics and introduce realistic
multi-linguistic (i.e., English, French, German, Greek, Persian,
Italian) problems in SER. For all considered datasets, we
utilized a sampling rate of 16 KHz and two-second audio
segments during training by randomly cropping the audio
sample, similar to [24]. Furthermore, we randomly performed
time-stretch and time-shift augmentations by factors sampled
randomly from [0.8-1.25] and [—0.1,0.1] respectively; both
proven to improve performance in a wide range of audio-
related tasks [38]].

Evaluation Strategy. We use the same ResNet18 architec-
ture across all baselines with VoxCeleb [27] weights (follow-
ing the training strategy presented in Section to enable
a fair comparison between their performance. For all experi-
ments performed on PACS [39]] (image classification with 7
classes), we use the same ResNetl8 architecture with pre-
trained weights from ImageNet [40], similar to [[12]. Standard
image augmentations (e.g., random flipping, cropping) were
also utilized. We train our models with a batch size of 32
using an SGD optimizer with a learning rate of 0.05 (n, =
0.05) and momentum of 0.9, and set ns; to 0.01 based on
preliminary experiments. We perform ten distinct trials (i.e.,
running an entire experiment) in each setting and report the
average accuracy over all ten runs.

We evaluate the domain generalization performance
of DA-MLDG using seven scenarios, as presented in Table [I|
In Table |I, we report the model’s performance on individual
datasets after 50 epochs, where a speaker-independent 80/20
train-test split is considered, similar to [[10]]. In the first three
scenarios, we investigate single-language cross-corpus DG
performance by utilizing English-based datasets for both train-
ing and test sets. The goal of scenario 4 is cross-lingual cross-
corpus DG over languages belonging to the same family (Indo-
European). Scenario 5 aims at cross-lingual cross-corpus DG
over different language families (Indo-European and Indo-
Iranian). Scenario 6 performs cross-lingual cross-corpus DG
across two dissimilar languages (English and Persian), with the
test domain from one language family and the source domain
from another. With scenario 7 we aim to observe if corpora
with relatively simple SER task (i.e. high model accuracy)
tends to perform better in domain generalization. For scenarios
6 and 7, ShAEMO has no samples corresponding to the disgust
emotion class; thus, introducing a highly-imbalanced scenario.

Baselines: As DG remains mostly unexplored in SER, we

Table II: Performance evaluation of DA-MLDG in image classification and
SER tasks. Average accuracy over ten distinct trials on test set is reported.

Dataset Target Domain  Deep-All MLDG  DA-MLDG
Art Painting 73.70 78.01 78.47
Cartoon 75.60 75.58 75.44
PACS Photo 83.50 91.67 94.73
Sketch 64.70 65.22 66.32
Avg. 74.37 77.62 78.74
IEMOCAP 26.95 27.61 31.35
RAVDESS 31.70 36.28 37.75
SER (English) CREMA-D 3945 40.75 42.22
SAVEE 22.73 22.84 21.43
Avg. 30.20 32.74 36.29

perform a thorough evaluation versus a Deep-All approach,
where standard supervised training is performed on the ag-
gregated data from all “source” domains. Standard supervised
training has proven to outperform many DG methods proposed
in the vision domain [12]. Furthermore, we perform experi-
ments with vanilla MLDG with v=1 (denoted as MLDG) to
investigate the effect of v in model’s generalization. From the
regularization perspective, we consider Representation Self-
Challenging [41] (RSC), where DG to out-of-domain data
is achieved by discarding dominant features and forcing the
network to “look” at the remaining feature space.
Performance Gap vs. Image Classification Task. Since to
the best of our knowledge, no meta-learning for DG approach
has been explored in SER, we conducted experiments on a set
of four widely-used English-based SER datasets (IEMOCAP,
RAVDESS, CREMA-D, SAVEE) to determine the feasibil-
ity of performing DG in SER. Here, the indicated dataset
corresponds to the “target domain”, whereas the remaining
three datasets are used for training. Furthermore, we perform
similar experiments on PACS [39] to study the performance
gap, while moving from image to emotion classification. The
results are presented in Table [l where we notice a significant
performance difference between DA-MLDG and two baselines,
Deep-All and MLDG (5.87% / 19.77% and 1.44% / 10.84%
in PACS / SER). Despite the performance improvement, we
observe that SER models’ performance is deficient across
all datasets (with exception of CREMA-D) compared to the
image classification counterparts. This behavior indicates the
presence of unique, easily identifiable features per class in
images (i.e., the trunk of an elephant, mane of a horse, etc),
which are present across PACS domains. This is evident in
Deep-All row of Table where the DG performance gap
between PACS and SER is substantial. Consequently, we
notice that distinguishing domain-invariant features in images
is relatively straightforward compared to the extremely varied
patterns of log-mel spectrograms.

Evaluation in  multi-corpora  SER. We evalu-
ated DA-MLDG performance across all seven considered
scenarios, where we reported the performance in terms
of unweighted, weighted (by the number of samples) and
geometric mean (similar to [10]) in Table Here, we
can see that DA-MLDG achieves a modest improvement
across scenarios; however, this remains impractical for most
applications. Further investigation of the DA-MLDG models



Table III: Performance evaluation of DA-MLDG in multi-corpora SER. Average
accuracy over ten distinct trials on test set is reported. Additionally, we report
Unweighted Mean (UM), Weighted Mean (WM) by number of utterances
across all “target domains”, and Geometric Mean (GM) across all scenarios.

Scenario 1 2 3 4 5 6 7 UM WM GM
Deep-All 26.95 4340  47.03 4316 60.65 31.54  40.19 41.83 36.70  40.61
RSC 3236 4478 4377 3997  56.69 4070 4027 4265 3917 4213
MLDG 27.61 38.86 4629 4257 60.45 37.87 34.51 41.16 3647  40.11
DA-MLDG 31.35 39.41 46.80  43.21 62.26 38.79 37.11 42.69 38.51 41.81

Table IV: Performance evaluation of DA-MLDG using TRILLsson [42] em-
beddings as model inputs. Average accuracy over ten distinct trials on test set
is reported.

Scenario 1 2 3 4 5 6 7
Deep-All 28.57 4261 50.16 4509 61.17 33.16 41.15
DA-MLDG 3211 39.82 4846 4329 64.11 40.22 3697

predictions across scenarios have shown that emotions with
similar arousal and valence values are often misclassified.
This is also evident in the overlap between model’s
embedding in Figure [V] In addition, we notice that
RSC, which performs regularization to learn from hidden
features present in model’s inputs, can achieve better
generalization than DA-MLDG; although the performance
remains unsatisfactory. Subsequently, these problems reveal
the lack of representation power for every emotion in the
utilization of log-mel spectrogram for DG in SER.

Model Inputs Importance. To study the effect of model in-
puts in the classification performance, we leverage TRILLsson
(v3, EfficientNetv2-B3) [42] to extract embeddings from the
raw audio signals, which we utilize afterwards to perform
SER with the same ResNetl8 architecture. Our results across
all seven scenarios are shown in Table where we notice
general improvements across the scenarios, even in the Deep-
All baseline. This shows the need to concentrate on the form of
input data and the requirement of having proper strategies in
feature extraction. It also indicates that log-mel spectrograms
may not be sufficient to improve the generalization capacity
of models in SER. As these input embeddings were generated
from heavily pre-trained model for paralinguistic tasks, em-
beddings contain domain-invariant features useful for DG in
SER over different speakers and languages. We believe such
a direction may prove fruitful for research directions.

V. PITFALL DISCUSSION

Limitations of log-mel spectrograms. In our experiments,
we notice that models tend to over-predict emotions with
high arousal values (i.e. fear, happiness and anger). This is
in line with [43]], where authors showed that emotions with
obviously distinguishable features (i.e. high intensity) are often
easier to predict. On the contrary, many emotions lack a set
of distinct features (i.e. disgust), making them challenging to
distinguish. Utilizing log-mel spectrograms, which represent
the “loudness” (i.e., energy) of a signal over time at various
frequencies, as model inputs often leads to misinterpretations
between certain emotional classes. Adding the lack of similar-
ity in vocals between languages and the unique characteristics
of speakers, the distinguishable features between the same
emotions across datasets widely differ, which is clearly illus-
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Fig. 2: t-SNE on DA-MLDG model’s embeddings (logits before classifier),
trained on Scenario 3, for TESS and SAVEE. Insufficient representation power
of log-mel spectrograms for DG in SER can be observed.

trated in Figure [V] Hence, selecting proper emotion classes
(without overlapping arousal and valence values) is essential
for improving SER, yet it remains infeasible in many practical
applications. Our findings showcase the limitations (i.e the
lack of proper representation for every emotion) of log-mel
spectrograms when used for DG in SER. In that direction,
utilizing embeddings from pre-trained deep learning models
may help overcome these limitations.

Lack of in-the-wild SER datasets. The lack of proper
SER datasets remain a major problem in SER. As speech
tends to have many variations, a wider variety of speech
patterns and emotions classes are required to encapsulate all
the biases in SER. Considering IEMOCAP dataset, which con-
tains improvised dialogues rather than simply reusing specific
sentences, as “target domain”, we notice that models show an
extremely poor generalization ability (due to the huge variation
in data). On the contrary, utilizing IEMOCAP as a “training
domain” has greatly improved models’ generalization due to
the presence of a variety of data to learn despite the bias. Thus,
for meta-learning for DG in SER to advance, there is a great
need for large-scale in-the-wild SER datasets to greatly boost
models’ performance. In that direction, human errors in SER
annotations may be the largest obstacle to overcome.

VI. CONCLUSIONS AND FUTURE WORK

Domain generalization in the field of audio, especially SER,
is still under development. In this work, we studied the efficacy
of meta-learning in SER, and proposed DA-MLDG to improve
models’ generalizability. While DA-MLDG demonstrates an
improvement over the considered baselines, the resulting mod-
els’ performance is insufficient to be practical. Through our
experimentation, we identified several pitfalls that contribute
to poor generalization ability, namely, the lack of distinct
features in input representations from log-mel spectrograms,
and the absence of large-scale in-the-wild SER datasets with
rich speech patterns and emotions classes. From these pitfalls,
future directions for development of adequate model inputs
with plentiful distinguishable representations may greatly ad-
vance DG in SER. However, for such a direction to be realized,
availability of large-scale amounts of speech emotion data is
a necessity. Here, providing annotations based on arousal and



valence values rather than emotional classes may enable better
differentiation between emotions.
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