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Abstract
Since each of the currently available emotional speech cor-
pora is rather small to deal with personal or cultural diver-
sity, multiple emotional speech corpora can be jointly used to
train a speech emotion recognition (SER) model robust to un-
seen corpora. Each corpus has different characteristics, includ-
ing whether acted or spontaneous, in which environment it was
recorded, and what lexical contents it contains. Depending on
the characteristics, the emotion recognition accuracy and time
required to train a model for it are different. If we train the
SER model utilizing multiple corpora equally, the classification
performance for each training corpus would be different. The
performance for unseen corpora may be enhanced if the model
is trained to show similar recognition accuracy for each train-
ing corpus that covers different characteristics. In this study, we
propose to adopt corpus-wise weights in the classification loss,
which are functions of the recognition accuracy for each of the
training corpus. We also adopt pseudo-emotion labels for the
unlabeled speech corpus to further enhance the performance.
Experimental results showed that the proposed method outper-
formed previously proposed approaches in the out-of-corpus
SER using three emotional corpora for training and one corpus
for evaluation.
Index Terms: speech emotion recognition, multi-corpus,
corpus-wise weights, out-of-corpus

1. Introduction
Speech emotion recognition (SER), which classifies categorical
emotions using spoken utterances, is useful for many applica-
tions [1, 2]. For real-world applications, the speech utterances
that the SER model encounters may have different character-
istics such as speakers, acoustics, and lexical contents, which
were not present in the training data. To cope with the vulnera-
bility of the model to the unseen factors, many researches focus
on cross-corpus scenarios, in which limited information on the
target corpus is available when the model is trained, such as a
few labeled samples from the target corpus or unlabelled tar-
get samples [3, 4, 5, 6, 7, 8]. Another class of approaches is
the out-of-corpus SER which does not utilize any information
on the target corpus. In these approaches, multiple emotional
speech corpora are jointly used to train an SER model robust to
an unseen corpus [9, 10, 11].

Several approaches have been proposed to facilitate the
generalization ability of the trained models, which may enhance
the performance of the multi-corpus SER. [12, 13, 14, 15] con-
structed discriminative latent features with an autoencoder uti-
lizing unlabeled speech corpus. [16] proposed using “soft la-
bels” as the target of the classifier reflecting all annotators’ opin-

ions as probabilities instead of one-hot vectors obtained by ma-
jority voting of the annotators. [17] exploited two types of label
smoothing in which the target label vector was a linear combi-
nation between a one-hot vector and a predefined distribution.
The distribution was uniform for the uniform label smoothing
and the class distribution in the training set for the unigram la-
bel smoothing. [18] adopted the focal loss [19] to focus more
on utterances that are difficult to classify rather than easy sam-
ples. [20] proposed a confidence penalty that discourages the
output of the neural networks to have low entropy. These meth-
ods have not yet been applied to out-of-corpus scenarios, but
may potentially be useful.

Each corpus used in the training of the multi-corpus SER
model represents different characteristics, including speak-
ers, languages, lexical contents, recording environments, and
whether the utterances are acted or spontaneous. For better gen-
eralization, these diverse characteristics should be incorporated
into the trained model. If the SER model is trained with mul-
tiple corpora without further considering which corpus is more
difficult to learn, the classification performance for each train-
ing corpus would be different. As each training corpus covers
a different aspect of the emotional recordings, it may be bene-
ficial to construct a model that performs similarly well for all
the training corpora. In this study, for out-of-corpus SER utiliz-
ing multiple corpora, we propose to adopt corpus-wise weights
in the classification loss, which are functions of the recogni-
tion accuracy for the individual training corpora. To further en-
hance the performance on the unseen corpus, we also exploited
pseudo-emotion labels for unlabeled speech corpora. Experi-
mental results showed that the proposed method outperformed
other approaches to enhance generalization ability in the out-of-
corpus SER utilizing three training corpora without any infor-
mation on the target corpus.

2. Methods

In the multi-corpus SER, several emotional speech databases
are utilized to train the SER model, while it is evaluated with
another database. For the SER model, we exploit a neural net-
work that brought advancement in the SER task. An input ut-
terance is classified into one of the C emotional classes by a
neural-network-based emotion classifier F . One of the most
popular choices for the loss function to train F with D training
corpora is the cross-entropy (CE), which is defined as

LCE(F ) = − 1
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where x
(d)
i and y

(d)
i are the i-th input feature and one-hot class

label vector in the minibatch of size M (d) from the d-th training
corpus, respectively, · represents an inner product, and α

(d)
i is

the class-weight which is inverse proportional to the number of
data in the same class with the i-th sample among M (d) sam-
ples in given minibatch. The class weight α(d)

i is introduced to
relieve the bias caused by class-imbalanced training data.

2.1. Corpus-wise weights in the classification loss

The recognition accuracy for each training corpus would be dif-
ferent when F is trained to minimize the CE loss in (1), as
some corpora are harder to classify than others. However, as
each training corpus may cover different aspects of emotional
expression, recording environments, or lexical contents, it may
enhance the performance for unseen corpora to enforce the SER
model to work equally well for all the training corpora.

To train a model to work similarly well for all training cor-
pora, we propose to adopt corpus-wise weights (CWW) in the
classification loss, which are functions of the recognition accu-
racy for given training corpora. The CE loss function incorpo-
rating CWW is as follows:

LCWW(F ) = − 1
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where wd is the corpus-wise weight for the d-th training corpus.
The corpus-wise weights are initialized as 1 and updated at the
end of every training epoch using the unweighted accuracies
(UAs) {Ud}Dd=1, which are the averages of the accuracies for
individual emotional classes. The CWW is designed to give
higher weights to the corpora that are difficult to classify with
the current model. One such example to assign corpus-wise
weights can be

wd =
(1− Ud)

λW

1
D

∑D
d=1(1− Ud)λW

(3)

in which λW controls the degree of compensation for the dif-
ference in corpus-wise recognition accuracy. The procedure to
train an SER model incorporating CWW is described in Algo-
rithm 1.

Algorithm 1
Input: D emotional speech corpora, randomly initialized neu-

ral network F
Output: Learned neural network F

1: Initialize {wd}Dd=1 as {1}Dd=1

2: while stopping criterion is not met do
3: Randomly sample minibatches for each corpus
4: for t = 1 to #minibatches on the smallest corpus do
5: Compute L in Eq. 2 with t-th minibatch
6: Update F for ∇FL
7: end for
8: Update {wd}Dd=1 using Eq. 3
9: end while

2.2. Pesudo-emotion labels for unlabeled speech corpora

Emotional speech databases are rather small compared with the
corpora for automatic speech recognition (ASR). Although the
emotional labels are not available for those corpora, the large

sizes of the corpora make them cover many factors of speech
including various lexical contents, speaking styles, and speak-
ers. One way to utilize unlabeled speech corpora is to use them
with autoencoders to learn features that keep all the essential
information to reconstruct the speech [12, 13, 14, 15] to facil-
itate generalization ability. An alternative way to exploit large
speech databases without emotional labels is to assign pseudo-
emotion labels (PELs) to the data and use them in training. One
approach to assign PELs is to assign “neutral” labels for all the
data in the ASR corpus, as many ASR corpora consist of sen-
tences without much emotional expression, which we denote as
PELNL. The other approach is to use all-one vectors instead of
one-hot vectors as pseudo-label vectors, admitting that we do
not have any information on the emotional class for the unla-
beled ASR corpus, which is denoted as PELAL. Using one of
these PEL vectors ȳ, the additional loss term can be used on top
of the CE-based loss, which is given by

LPEL(F ) = −λL

M

M∑

i=1

ȳ · logF (xUnlabeled
i ) (4)

where xUnlabeled
i is the i-th input feature in the minibatch of

size M from the unlabeled corpus, and λL is a weight for the
PEL loss.

3. Experiments
3.1. Databases

In our experiments, we employed 4 different emotional speech
corpora in English. Three corpora out of the CREMA-D (CRE)
[21], IEMOCAP (IEM) [22], MSP-IMPROV (IMP) [23], and
MSP-Podcast (POD) [24] databases were utilized for training,
while the remaining corpus was used for testing. Within each
corpus, we considered 4 categorical emotions including neu-
tral, happy, sad, and angry. The specifications on the corpora
are summarized in Table 1. CRE is an audiovisual corpus with
91 professional actors acting a target emotion for a pre-defined
list of 12 sentences [21]. IEM is an audiovisual dyadic conver-
sational corpus that contains conversations from 5 sessions. In
each session, one actor and actress converse about a pre-defined
topic [22]. To balance the class distribution in IEM, the excite-
ment class is merged into happy. IMP is a multimodal emo-
tional corpus spoken by 12 actors performing dyadic interac-
tions in 6 sessions similar to IEM. IMP also collected natural
speech by recording the colloquial discussions while the actors
were not acting [23]. POD is collected from podcast recordings
and contains various linguistic contents [24]. We used the re-
leased version 1.8 which consists of 28602, 4772, and 12787
samples for the train, validation, and test sets, respectively. In
POD, the number of labeled speakers is 1285 but also contains
samples without speaker labels. For the speech corpus without
emotion labels used with pseudo-emotion labels, we utilized the
Librispeech dataset [25], which contains 1000 hours of English
speech read from audio-books. As in [12], we used a subset of
100 hours, which contains 28539 samples.

3.2. Experimental design and cross-validation settings

We evaluated the performance of the out-of-corpus SER us-
ing three training corpora for the proposed CWW and other
ways to strengthen generalization including unsupervised rep-
resentation learning [12], soft label [16], label smoothing with
uniform and unigram distributions [17], focal loss [18], and
confidence penalty [20]. We conducted a leave-one-corpus-out
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Table 1: Numbers of speakers and numbers of utterances for 4
emotions in the emotional corpora used in the experiments.

Corpus Speakers Neutral Happy Sad Angry
CRE [21] 91 1,087 1,271 1,270 1,271
IEM [22] 10 1,708 1,636 1,084 1,103
IMP [23] 12 3,477 2,644 885 792
POD [24] 1285+ 26,009 14,285 2,649 3,218

cross-validation (CV) that utilizes three corpora for training and
validation and one corpus for testing in turn. POD is already di-
vided into training and validation sets, and CRE, IEM, and IMP
were split as 58 and 33 speakers, 4 and 1 sessions, and 5 and
1 sessions for training and validation, respectively. The test set
of POD was not used for training. In the evaluation phase, the
whole dataset was used when the testing corpus was CRE, IEM,
or IMP, while the test set of POD was utilized when evaluating
performance for POD.

As a benchmark, we also provided the performances for the
within-single-corpus SER in which the models were trained and
tested in the same corpus. For within-single-corpus SER, CV
was conducted with different settings for each corpus except
for POD, for which the training, validation, and test sets are al-
ready well-defined and of which the sizes are large. For CRE,
10-fold leave-ten-speaker-out CV was performed. We randomly
selected 10, 9, and 72 speakers for the testing, validation, and
training, respectively. For IEM, 10-fold leave-one-speaker-out
CV was conducted, i.e, 8 speakers in 4 sessions were used for
the training, utterances from one speaker in the last session were
used for the validation, and the last speaker’s speech was used
for testing. For IMP, 12-fold leave-one-speaker-out CV was
conducted in a similar way to IEM.

3.3. Acoustic features and model configuration

As the input x, we used the IS10 [26] feature set consisting
of 1582 acoustic features. We conducted z-normalization on
these features with the training set. The emotion classifier F
comprises five fully connected (FC) layers with 1024, 1024,
512, 512, and 4 units, respectively, where the activation func-
tion for the last layer was softmax. The activation functions
for all other layers were ReLU, and the dropout rate was 0.5.
The hyper-parameters λW and λL were tested over [1, 2, 3, 4, 5]
and [1, 0.1, 0.01, 0.001, 0.0001], respectively, and 4 and 0.001
produced the best results. For the unsupervised representation
learning [12], we constructed the reconstruction module with
two FC layers, 1024 and 1582, and attached the module on
the second layer of F . The hyper-parameters for the compared
methods were also tuned to result in the best performance.

We used Pytorch [27] to train the models and used the
Adam optimizer [28] with a learning rate of 0.0002. The mini-
batch size M (d) and M were set to be 32. The average of the
UAs for the validation sets from individual training corpora was
used as a stopping criterion. An early stopping strategy with a
patience of 5 was employed for the averaged UA for training
corpora. In addition, we used a learning rate scheduler, which
reduced the learning rate by multiplying by 0.1 after 2 patience.
For each fold of CV, we experimented with 5 random seed ini-
tializations and reported the averaged results.

Table 2: Unweighted accuracies (%) of speech emotion recog-
nition for the test corpus on top and the average for all four
cases. Except for the “Within-single-corpus (CE),” the model
was trained with the remaining three corpora. CWW stands for
the corpus-wise weights proposed in this study.

Method CRE IEM IMP POD Avg
Within-single-corpus (CE) 66.0 60.1 49.5 46.0 55.4
Out-of-corpus (CE) 51.6 50.1 38.9 31.9 43.1
Unsup. learning [12] 55.2 48.9 42.8 31.3 44.6
Soft label [16] 52.7 50.2 40.2 31.6 43.7
Label smoothing [17] 53.5 51.5 39.4 32.4 44.2
Unigram smoothing [17] 55.0 52.6 39.0 32.7 44.8
Focal loss [18] 51.4 49.6 40.5 32.9 43.6
Confidence penalty [20] 54.3 50.7 40.5 32.5 44.5
CE+PELNL 51.4 49.7 39.3 37.0 44.4
CE+PELAL 51.8 50.3 39.0 38.0 44.8
CWW 53.8 52.3 42.7 33.1 45.5
CWW+Unsup. learning 55.8 50.4 43.3 31.8 45.3
CWW+Unigram smoothing 54.6 53.7 40.4 33.8 45.6
CWW+PELAL 53.5 51.2 40.7 38.7 46.0

4. Results
Table 2 summarizes the UAs for the within-corpus and out-
of-corpus SER for the test corpus on the top row. The best
performance for each out-of-corpus configuration is marked in
bold. The performance for the within-single-corpus SER is also
shown in the table, which provides the upper bound of the per-
formance of out-of-corpus SER and implies the complexity of
each corpus. The highest UA was observed for CRE, which
consisted of limited sentences, and the lowest UA was observed
in POD recorded without much restriction [24]. IEM and IMP,
which include improvised samples, demonstrated moderate per-
formance.

Compared with a basic out-of-corpus SER system employ-
ing CE loss, most of the techniques to enhance generalization
resulted in performance improvement except for a few experi-
mental configurations. The introduction of the unlabeled ASR
corpus with pseudo-emotion labels improved the accuracy for
POD significantly, while it did not enhance the SER perfor-
mance for other databases much. This may be because the lex-
ical contents in POD that could not be covered by CRE, IEM,
and IMP might be included in the Librispeech dataset. PELAL

showed slightly better performance than PELNL on average.
The adoption of the proposed CWW resulted in an average

UA of 45.5%, which is higher than other approaches. Although
the average performance was higher with the CWW, the higher
performances for individual experimental configurations could
be achieved with the unsupervised learning [12], unigram label
smoothing [17], and pseudo-emotion labels with all-one vectors
when the test set was CRE and IMP, IEM, and POD, respec-
tively. As the proposed CWW can be used with all of these
methods, we introduced CWW into the aforementioned three
methods. The results are also shown in Table 2. In most of
the configurations, the systems with CWW outperformed those
without CWW. On average, the SER system with CWW and
PEL showed the best UA of 46.0%.

To illustrate the effect of the CWW, the UA’s for the training
sets from three corpora and the test set for four systems with and
without CWW are shown in Fig. 1. It is noted that the UAs for
the training and test sets are shown in different scales on the left
and right side of the graphs, because the UA for the test set was
much lower in the out-of-corpus SER. With the CWW, we can
clearly see that the UAs for different training sets became more
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Figure 1: Unweighted accuracies (UAs, %) of the training sets
from three corpora (bar graphs, UA scale on the left) and the
test set (red line graphs, UA scale on the right) for basic system
with CE loss (CE), system with unsupervised learning [12] (Un-
sup.), those with unigram smoothing [15] (Unig.), and pseudo-
emotion labels (PEL), with and without the proposed corpus-
wise weights (CWW).

similar, and the performance for the test set was enhanced in
most of the cases.

5. Analyses
In this section, we analyze the CWW of each out-of-corpus SER
and the change of the performance by the hyper-parameter of
the CWW.

Table 3 summarizes the CWW computed in the last epoch
of training for each training corpus in each of the out-of-corpus
SER systems. It is noted that the sum of the CWWs for training
corpora for each experiment is D = 3. On average, the order
of the CWW is CRE<IEM<IMP<POD. CRE, which showed
the lowest CWW, is recorded with the most limited sentences
among four corpora. POD, which showed the highest CWW,
is recorded with completely spontaneous sentences. Both IEM
and IMP consist of scripted and spontaneous utterances, but
IMP has more various lexical contents.

Fig. 2 shows the UAs depending on the hyper-parameter
λW for each of 4 systems. We can see that the performance was
improved with increasing λW until λW became 4. We have
also provided the performances when we merged all the train-
ing corpora into a single corpus. In this case, the size of each
training corpus works like CWW in Eq. 2. The average UA was
44.1%, which was higher than that for the original experiment
(CE) but lower than that with CWW. This result may imply that
performance improvement on unseen corpora with the proposed
method was not merely by emphasizing larger databases, but by

Table 3: The corpus-wise weights computed in the last epoch
for each training corpus in each of the out-of-corpus speech
emotion recognition systems and the averages for the three out-
of-corpus cases.

training
testing CRE IEM IMP POD Avg

CRE - 0.17 0.17 0.35 0.23
IEM 0.37 - 0.39 0.86 0.54
IMP 0.61 0.67 - 1.79 1.02
POD 2.02 2.16 2.44 - 2.21
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Figure 2: Unweighted accuracies (%) with CWW depending on
different hyper-parameter λW . The dashed line shows the result
of the experiment when all training corpora are merged into a
single corpus.

constructing a model that performed similarly for all training
corpora covering different variabilities of the emotional expres-
sion.

6. Conclusions
In this study, for the out-of-corpus speech emotion recognition
model trained with multiple corpora, we introduce the corpus-
wise weights in the cross-entropy loss function to make the
model perform similarly for all training corpora to achieve bet-
ter generalization. The corpus-wise weights are designed as a
function of the unweighted accuracy for the training set from
the corresponding corpus to give higher weights for the cor-
pora that are more difficult to classify. We also adopted pseudo-
emotion labels for unlabeled speech corpus to further enhance
the performance. Experimental results showed that the pro-
posed CWW could enhance the performance of the out-of-
corpus SER and could be successfully combined with previ-
ously proposed methods to strengthen the generalization capa-
bility.
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