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Abstract—In this study, we propose PUNSER, a pre-trained
speech emotion recognition (SER) model constructed via large-
scale supervised learning by integrating multiple speech emotion
corpora with multiple label types. Our proposed method employs
a novel masked multi-task learning (MTL) framework to leverage
both discrete categorical and continuous dimensional emotions,
utilizing 150k utterances (226 hours) from 10 corpora. This
approach enables a robust training methodology applicable to
realistic scenarios with missing labels. Evaluation on 6 corpora
with diverse speaking styles and languages shows that PUNSER
achieves state-of-the-art performance, surpassing previous meth-
ods on both categorical and dimensional emotion recognition
tasks. The model also demonstrates strong performance in low-
resource and out-of-domain conditions, confirming its high gen-
eralization capability and practical utility.

I. INTRODUCTION

Speech Emotion Recognition (SER) is attracting attention
as a key technology for enabling more natural and intuitive
Human-Computer Interaction. For instance, there is a growing
demand for practical applications such as in call centers
and emotional text-to-speech [1], [2]. However, previous SER
methods are known to suffer significant performance degra-
dation on speech from unseen domains [3], [4]. Therefore,
applying an SER model to a specific target domain requires
collecting new data from that domain and performing addi-
tional training. Furthermore, the annotation of emotion labels
is highly subjective and is both costly and labor-intensive [5].

To build robust SER models with limited data, leveraging
pre-trained models has become mainstream. Self-Supervised
Learning (SSL) models, such as WavLM [6] and XEUS [7],
are trained on large-scale, diverse, unlabeled speech, enabling
robust, general-purpose feature extraction [8], [9]. However,
these SSL models are trained to acquire general acoustic
features, and their ability to capture emotional acoustic char-
acteristics is not optimized for SER. To address this issue,
emotion2vec [10] built a pre-trained model specialized for SER
by performing large-scale SSL on 262 hours of speech emotion
data from public corpora. However, emotion2vec cannot ex-
plicitly represent the types or degrees of emotional expression
since it is built using SSL without emotion labels. Supervised
learning that directly utilizes emotion labels is considered
more effective for accurately characterizing subjective human
emotional expressions.

In this study, we propose PUNSER (large-scale Pre-trained
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and UNified model for practical Speech Emotion Recognition),
a pre-trained model developed through large-scale supervised
learning on multiple speech emotion corpora with multiple
label types. PUNSER explicitly learns from emotion labels
via large-scale supervised pre-training, using 150k utterances
(226 hours) from 10 emotion corpora. During this process,
we employ masked MTL to leverage both discrete categorical
and continuous dimensional emotion labels. Previous MTL
studies for SER have mainly focused on integrating tasks
such as automatic speech recognition, gender classification,
corpus classification, and language identification [4], [11],
[12]. However, few have explored simultaneous prediction of
multiple emotion representations [13], [14]. Crucially, these
studies only address ideal cases where all labels are available,
and do not consider realistic scenarios with missing label
types [13]-[15]. The masked MTL in PUNSER introduces
a mask that specifies which emotion labels are available for
each training sample, allowing training even when some label
types are missing. When fine-tuning on target domain speech,
we use the weights from large-scale supervised pre-training
as initialization to transfer acquired emotional knowledge and
improve recognition performance.

II. LARGE-SCALE SUPERVISED PRE-TRAINING ON
MULTI-TYPE LABELED CORPORA

A. Overview of PUNSER

PUNSER is a pre-trained model trained on multiple speech
emotion corpora with multiple label types. As illustrated in
Fig. 1, we develop PUNSER by performing masked MTL to
predict both categorical and dimensional emotion labels, using
150k utterances (226 hours of speech) from 10 distinct speech
emotion corpora. Through MTL, the model can leverage
information from both label types in a mutually beneficial way,
enabling efficient acquisition of emotional representations. A
challenge arises when integrating multiple corpora for MTL, as
some may lack one of the two emotion label types. To address
this, we introduce a mask indicating label presence, enabling
training even when a certain label type is missing. Subse-
quently, we perform supervised fine-tuning on target domain
speech, using the weights from large-scale supervised pre-
training as initialization. This transfer of emotional knowledge
is expected to improve recognition performance.



ﬁcat ‘cgim ﬁcat Edim

dim |
/.

Classifier Regressor ]
By

2 v H v
[ Classifier ] [ Regressor

Mean Pool.

Mean Pool.

Weight

Trainable

Shared Trainable Shared
Encoder XEUS —'" Encoder XEUS
(L layers) (L layers) Frozen
(M layers) ] Frozen (M layers)
= ZS
i
r N

i
- OR . "
Categorical Dimensional

(b) Fine-tuning

]
s N\
Categorical X | |Categorical | |Categorical
Dil i Dil i / Dil i ><

(a) Supervised Pre-training by
Masked Multi-task Learning

Fig. 1: Overview of PUNSER

B. SER Model with Unified Multi-Type Emotion Labels

The proposed pre-trained model consists of a shared encoder
and task-specific networks. We consider a speech emotion
recognition dataset D = {(z;, y5**, y$™)} N |, where x; is the
speech feature of the i-th utterance. yi** = (y5%', ..., y{%) €
{0,1}¢ U @ is a C-dimensional one-hot vector representing
the categorical emotion label, or @ if missing. ydi™
(yﬁ%yﬁ?,yﬁ im) € R® U @ is a 3-dimensional vector rep-
resenting the dimensional emotion labels: valence (V), arousal
(A), and dominance (D).

First, a latent representation is extracted from the speech

features by a shared encoder fopc:

hi = fenc(xi;eenc> (1)

where 0., is a parameter set of f.,.. For the shared encoder,
we adopted a structure that appends a linear layer to XEUS [7],
which gave the highest average emotion recognition perfor-
mance in [16] compared with other speech SSL models such as
emotion2vec base [10] and WavLM large [6]. In this study, we
use the hidden states from the final layer of XEUS as input. We
compute a weighted sum of these states, apply mean pooling
over the temporal axis, and feed the result into a linear layer
to extract a 256-dimensional emotional representation vector,
which serves as the shared encoder output h;. Next, using this
shared representation, we construct a classification model for
categorical emotion recognition and three regression models
for dimensional emotion recognition, one for each dimension
de{V,A D}

@;‘:at = fcat(hi§ ecat)a y?,ldm = fdim,d(hi§ edim,d) 2)

where f.at is the classification model for categorical emotion
recognition, fqim,q is the regression model for dimensional
emotion recognition, and .,y and Oqim ¢ are their respective
trainable parameters. Following previous work, both the classi-
fication and regression models consist of two linear layers with
a hidden dimension of 256 and a ReL.U activation function [9].

To ensure expressive power for learning from multiple
corpora while stabilizing training, we update the weights from
the last L = 6 layers of XEUS during the masked MTL.
During fine-tuning, XEUS weights are frozen, and only the
linear layer in the shared encoder and the classification and
regression model weights are updated.

C. Masked Multi-Task Learning for Different Type Emotion
Labels

While MTL can improve performance by leveraging dif-
ferent emotion label types, standard approaches typically fail
when one of the label types is missing [13], [14]. To address
this issue, our method introduces a mask to ignore the loss
of samples of missing label type. Specifically, we introduce
binary masks m$, m¢im € {0,1} to indicate the presence
of categorical and dimensional emotion labels for the i-th
utterance, where a value of 1 signifies that the label exists.

First, we calculate the respective losses for the classification
and regression. To handle batches with missing labels, we first
define the set of indices for samples with categorical labels,
Loy = {i|m$? = 1}. The loss is then calculated by averaging
the cross-entropy over only these samples, aligning its scale
with the dimensional loss:

1 )
Lot = =17 >3y log(§5%) 3)
ca

i€1cay JEC

where |I.,¢| is the number of samples with categorical emotion
labels in the batch.

For the regression models for dimensional emotion recog-
nition, we use a loss based on the Concordance Correla-
tion Coefficient (CCC), following previous work [8]. Let
Tgim = {i|m&3™ = 1} be the set of indices for samples with
dimensional labels in the batch. The vectors of predicted and
true values, @f}im and ygim, are constructed from the samples

corresponding to these indices. The loss is then defined as:
Lam= Y (1=CCCaHI™y™) @
de{V,A,D}
9™ = {9500 € Lam ), ¥d™ = {yia'li € Laim} 5
For each dimensional emotion label d, CCC loss is calculated

as follows:
2pd0'@cdiim g

~dim  dim ya
CCCa(93™,yq™) ngim T 053"“ T (figaim — i )2
(6)
where pg is the Pearson correlation coefficient between the
predicted and true values, 0 jdim and O ydim are the standard de-
viations of the predicted and true values, and Hhgdim and Hhyglim
are the means of the predicted and true values, respectively.
The final loss £ is a weighted sum of the two task-specific
losses:
L= a‘ccat + (1 - O4)£dim @)

Here, o is a hyperparameter that controls the importance of
each task, we set a = 0.25 based on preliminary experiments
in Section III-B. By calculating the loss with this masked
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TABLE I: List of corpora used. ACT: acted, IMPRO: improvised, SPNT: spontaneous.

Corpus Pre-training  Fine-tuning Type L g Speaker Sentence Categoly Di Scale Utterance Hours
MSP-Podcast [17] v - SPNT ENG 1,409 7 V,A.D 1-7 84,030 1343
CMU-MOSEI [18] v - SPNT ENG 1,000 6 - - 8,638 18.2

ASVP-ESD [19] v - SPNT CHN+ 128+ 8 - - 11,679 15.5
WHISER [20] v - SPNT ENG - 7 V,A,D 1-7 5,427 6.4
ESCorpus-PE [21] v - SPNT SPA - - - V,A,D 0-5 3,764 5.0
CREMA-D [22] v - ACT ENG 91 12 6 - - 7,442 53
RAVDESS [23] v - ACT ENG 24 2 7 - 1,248 1.3
CaFE [24] v - ACT FRA 12 6 7 - - 936 1.2
QuechuaSER [25] v - ACT QUE 7 2,070 6 V,A.D 1-5 12,419 15.6
JTES [26] v - ACT JPN 100 50 4 - - 20,000 23.6
Total (training) v - 155,583 2264
IEMOCAP [27] - v ACT/IMPRO ENG 10 - 8 V,A,D 1-5 10,039 124
MSP-Improv [28] v SPNT/ACT/IMPRO ENG 12 20 4 V.A.D 1-5 8,386 9.5
MELD [29] v SPNT ENG 407 - 7 - - 13,706 12.1
UUDB [30] v SPNT JPN 14 - - V.A.D 1-7 4,840 1.9
SAVEE [31] v ACT ENG 4 15 7 - - 480 0.5
EmoDB [32] v ACT GER 10 10 6 454 0.4
Total (evaluation) v 37,905 36.8

approach, only samples with existing labels contribute to the
loss calculation, enabling training even when one of the label
types is missing.

D. Large-Scale Corpora for Supervised Training

We hypothesize that training on an integration of multiple
speech emotion corpora can improve generalization perfor-
mance by increasing domain coverage. Therefore, for pre-
training with masked MTL, we used 150k utterances (equiva-
lent to 226 hours of speech with emotion labels) from the 10
corpora listed in Table I. The training corpora feature diverse
languages such as Chinese, Spanish, and Japanese, as well
as a range of speech types from acted speech to spontaneous
speech. MSP-Podcast v1.11 is divided into training, validation,
and test sets by its authors. We used only the audio from the
training set. For CMU-MOSEI, categorical emotion labels are
assigned by multiple annotators for a single utterance, and
there are cases where two or more labels are tied for the most
frequent. We excluded such utterances from our training data.

For categorical emotion labels, we used eight categories:
neutral, happy, sad, angry, surprised, fear, disgust, and excited.
During inference with the trained classification model, only the
classifier outputs corresponding to the specific set of labels in
an evaluation corpus are used. For example, when evaluating
on a 4-class categorical emotion recognition task (neutral,
happy, sad, and angry), the predicted label is determined by
selecting the class with the highest value among the four
corresponding outputs of the classification model §$**, while
the outputs for all other classes are ignored. For dimensional
emotion labels, we used the three dimensions of Valence,
Arousal, and Dominance. Since the scales of dimensional
emotion labels differ across corpora, we applied min-max
scaling to normalize them to the range [0, 1], following
previous work [33].

III. EXPERIMENTS

A. Experimental Conditions

For pre-training with masked MTL, we randomly split the
entire training dataset into 90% for training and 10% for
validation. For fine-tuning and evaluation, we used 6 corpora
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with diverse speaking styles and languages: IEMOCAP [27],
MSP-Improv [28], MELD [29], UUDB [30], SAVEE [31], and
EmoDB [32]. When evaluating on IEMOCAP, we followed
previous work and performed leave-one-session-out cross-
validation [10]. On IEMOCAP only, we also conducted an
evaluation for 4-class categorical emotion recognition (neutral,
happy, sad, and angry), as this setting is commonly used in pre-
vious studies[9], [10]. MELD provides predefined training, val-
idation, and test splits, we adhered to this partitioning. For the
other corpora (MSP-Improv, UUDB, SAVEE, and EmoDB),
we performed leave-one-speaker-out cross-validation.

Regarding hyperparameters and evaluation metrics, we used
a common experimental setup for both the masked MTL
pre-training and the fine-tuning phases. The input audio was
resampled to 16 kHz. We used the AdamW optimizer with
a learning rate of 0.00001. The weight decay was set to
0.01. Following previous work, the batch size was dynamically
adjusted according to the frame length of the audio, with
a maximum frame length of 800,000 [10]. The maximum
number of epochs was set to 100, and we employed early
stopping to terminate training if the validation loss did not
improve for 3 consecutive epochs. For evaluation, we report
the results from the model that achieved the lowest validation
loss. For categorical emotion recognition, we used Weighted
Accuracy (WA) and Unweighted Accuracy (UA) as evaluation
metrics. For dimensional emotion recognition, we used the
CCC.

As comparison methods, we included both self-supervised
learning (SSL) models and supervised SER models. For
the SSL models, we adopted emotion2vec base [10], emo-
tion2vec+ large!, WavLM large [6], and XEUS [7]. These
models were evaluated by freezing their parameters and train-
ing a simple appended classification or regression model.
Specifically, similar to the SUPERB benchmark [9], we used
the hidden states of the final layer of each model as input,
took a weighted sum of these states, applied mean pooling
over the temporal axis, and then fed the result into a linear
layer to extract a 256-dimensional emotional representation
vector. Subsequently, we attached a head model consisting of

Thttps://github.com/ddIBoJack/emotion2vec
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TABLE II: Relationship between hyperparameter o and recog-
nition performance on validation data

« Categorical Dimensional Mean
WAs UAs WAg UAg | CCCy CCCx CCCp

0 0.258 0.265 0.098 0.083 | 0.580 0.687 0.673 | 0.378
025 | 0.761 0.746 0.700 0.608 | 0.598 0.693 0.683 | 0.684
0.5 | 0.743 0.754 0.694 0.592 | 0.579 0.686 0.656 | 0.673
0.75 | 0.757 0.737 0.698 0.619 | 0.554 0.666 0.645 | 0.668

1 0.750  0.730 0.691 0.606 | -0.033  0.030 0.004 | 0.397

TABLE III: Relationship between the number of trainable
layers and recognition performance on validation data

L Categorical Dimensional Mean
WAy UA; WAg UAg | CCCy CCCx CCCp
0.687 0.679 0.620 0.509 | 0.500 0.605 0.566 | 0.595
0.759 0.741 0.693 0.587 | 0.587 0.674 0.665 | 0.673
0.761 0.746 0.700 0.608 | 0.598 0.693 0.683 | 0.684

0.760 0.737 0.696 0.601 | 0.603 0.699 0.684 | 0.683

O NW O

a single linear layer for each task. For the supervised SER
models, we included DST [34] and ShiftFormer [35]. For DST
and ShiftFormer, we followed their respective original papers,
setting the maximum input lengths to 326 and 375, respectively
[34], [35]. Other hyperparameters were the same as in our
proposed method.

B. Hyper-Parameter Tuning in the Multi-Task Learning Stage

We first examined the effect of the hyperparameter « in Eq.
(7) during masked MTL pre-training, as its value determines
the balance between learning from categorical and dimensional
emotion labels. For this evaluation, we used the validation data
from the pre-training phase and also evaluated performance
on the 4-class categorical emotion recognition task (neutral,
happy, sad, and angry). The results are shown in Table II. As «
approaches 0, more emphasis is placed on dimensional emotion
recognition, and the case of a = 0.0 is equivalent to per-
forming standard dimensional emotion recognition. Similarly,
as « approaches 1, more emphasis is placed on categorical
emotion recognition. For both dimensional and categorical
emotion recognition, performance tended to be higher in the
range of 0.25 < a < 0.75, where masked MTL is utilized.
This indicates that through masked MTL, information from
each label type is being learned in a mutually supplementary
manner. Based on these results, we set & = 0.25 in our study.

Next, we investigated the impact of the number of trainable
layers L in the proposed method, as this parameter controls
the capacity of the model to learn from multiple corpora. To
determine the optimal value of L, we conducted a similar
validation process by varying L. The results are shown in Table
III. While performance was notably low for L = 0, it tended
to be higher for L = 3,6, 9. This suggests that the linear layer
alone cannot adequately learn from the large volume of audio
data. Based on the overall average performance, we set L = 6
for our main experiments.

C. The Effect of Unified Supervised Pre-Training

We compared the performance of the proposed method and
previous methods after fine-tuning. The results are shown in

Tables IV and V. In these tables, the boldface indicates the
best performance, and the underline indicates the second-best
performance. As a result of the large-scale supervised pre-
training, the proposed method surpassed previous methods
and achieved state-of-the-art performance in both categorical
and dimensional emotion recognition under the fine-tuning
condition. When using the pre-trained model directly for
inference without any fine-tuning, the accuracy for dimensional
emotion recognition was limited, while for categorical emotion
recognition, it still demonstrated performance comparable to
previous methods. The fact that a single model achieves
performance improvements on both recognition tasks suggests
that our proposed method successfully acquires superior emo-
tional representations. Furthermore, its strong performance on
IEMOCAP, MSP-Improv, and MELD, which are corpora that
include spontaneous speech and are close to real-world scenar-
ios, indicates that it is more suitable for practical applications
compared to previous methods. Moreover, its superior perfor-
mance compared to emotion2vec and XEUS on the Japanese
corpus UUDB and the German corpus EmoDB indicates the
possibility that our model learns more generalizable, cross-
lingual emotional representations.

D. Low-Resource and Out-of-Domain Conditions

Since previous SER models generalize poorly to new do-
mains, requiring costly data collection for each adaptation, de-
veloping models that perform well with limited data is crucial
[3]-[5]. Therefore, using the experimental setup described in
Section III-C, we evaluated the performance of our proposed
method and the baseline XEUS when the amount of data used
for fine-tuning was reduced. Specifically, we used random
subsets of the fine-tuning data, ranging from 1% to 50% of
the original training set. For the proposed method, we also
conducted an evaluation in an out-of-domain setting, where
the pre-trained model was used for inference directly without
any fine-tuning.

The results of this experiment are shown in Fig. 2. In both
categorical and dimensional emotion recognition, the proposed
method consistently outperforms XEUS, widening the perfor-
mance gap significantly in low-resource fine-tuning conditions.
Remarkably, for categorical emotion recognition, the model
achieves 0.426 in the out-of-domain setting without any fine-
tuning, a result that is comparable to the 0.448 achieved
by XEUS when fine-tuned with 50% of the data. These
results demonstrate that the proposed method possesses high
generalization capability and can achieve strong performance
with very small amounts of data.

IV. CONCLUSIONS

In this study, we proposed PUNSER, a pre-trained model
built via large-scale supervised learning that integrates mul-
tiple speech emotion corpora with multiple label types. In
evaluations on 6 corpora with diverse speaking styles and
languages, the proposed model surpassed previous methods
and achieved state-of-the-art performance in both categorical
and dimensional emotion recognition. Furthermore, the model
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TABLE IV: Comparison of the proposed method and previous methods for categorical emotion recognition. Subscripts of each
metric indicate the number of categories. * denotes acted speech corpus.

IEMOCAP MSPImprov MELD SAVEE#* EmoDB* Mean

Method WA4 UA4 WAg UAg WA4 UA4 WA7 UA7 WA7 UA7 WAG UA@
emotion2vec base [10] | 0.587 0.521 0.409 0.253 | 0.574 0.394 | 0.484 0.161 | 0.307 0.216 | 0.588 0.538 | 0.419
emotion2vec+ large' 0452 0377 0362 0.209 | 0494 0.286 | 0475 0.143 | 0314 0.234 | 0.305 0.260 | 0.326
WavLM large [6] 0.667 0592 0.558 0.362 | 0.620 0.472 | 0494 0.179 | 0.333 0.240 | 0.674 0.603 | 0.483
DST [34] 0.533 0451 0378 0.236 | 0461 0.269 | 0475 0.143 | 0.286 0.224 | 0.361 0.290 | 0.342
ShiftFormer [35] 0.654 0588 0.532 0340 | 0.618 0.488 | 0497 0202 | 0474 0.415 | 0.886 0.855 | 0.546
XEUS [7] 0.672 0.604 0.555 0.359 | 0.645 0.518 | 0.511 0.220 | 0.485 0.416 | 0.617 0.570 | 0.514
PUNSER (Pre-trained) | 0.579 0.555 0.417 0.328 | 0.535 0.488 | 0.286 0.231 | 0.325 0.266 | 0.572 0.530 | 0.426
PUNSER (Fine-tuned) | 0.672 0.618 0.584 0.401 | 0.652 0.550 | 0.511 0.235 | 0.465 0.400 | 0.811 0.780 | 0.557

TABLE V: Comparison of the proposed method and previous methods for dimensional emotion recognition. V, A, and D denote
Valence, Arousal, and Dominance, respectively.

Mean
©O0000000
NWwWwhAUOIUIO

Fine-tuning Data Size (%)

(a) Categorical

Method IEMOCAP MSPImprov UuDB Mean
CCCy CCCa CCCp | CCCy  CCCa  CCCp | CCCy  CCCa  CCCp
emotion2vec base [10] | 0.561 0.426 0.453 0.441 0.544 0.466 0.675 0.404 0.791 0.529
emotion2vec+ large' 0.413 0.128 0.289 0.247 0.306 0.266 0.533 0.309 0.622 | 0.346
WavLM large [6] 0.682 0.527 0.527 0.527 0.647 0.517 0.786 0.531 0.837 | 0.620
XEUS [7] 0.682 0.540 0.531 0.531 0.672 0.542 0.737 0.439 0.820 | 0.611
PUNSER (Pre-trained) | 0.167 0.027 0.231 0.181 0.346 0.194 0.002 0.004 0.007 | 0.129
PUNSER (Fine-tuned) | 0.685 0.581 0.542 0.615 0.672 0.551 0.791 0.554 0.832 | 0.647
0 .557 0.70 627 .647
5 514 578 577 611
g il
g B XEUS (+Linear) = 0.30 EEE XEUS (+ Linear)
0 [ PUNSER I PUNSER
5 010 = T T
0 1 5 10 50 100 0 1 5 10 50 100

Fine-tuning Data Size (%)

(b) Dimensional

Fig. 2: Mean recognition performance as the fine-tuning data size decreases. Note that 0% represents an out-of-domain setting.

demonstrated superior performance in low-resource and out-
of-domain conditions, confirming its high generalization capa-
bility and practical utility.
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