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Abstract

monolingual and cross-lingual approaches, benefiting from larger datasets while leveraging in-group cultural

Multilingual speech emotion recognition (SER) represents a challenging task that bridges

advantages. While previous studies focused on architectural solutions, recent advances in self-supervised
learning (SSL) for automatic speech recognition have produced multilingual pre-trained models with su-
perior performance. This study systematically evaluates 13 SSL models, including five models specifically
trained on multilingual data. We conducted experiments on the EmoFilm dataset containing English,
Italian, and Spanish samples using both fixed split and five-fold cross-validation scenarios in speaker-
independent settings. Our results demonstrate that multilingual SSL models, particularly XLS-R variants,
significantly outperform previous state-of-the-art monolingual SSL models such as UniSpeech-SAT and
WavLM for multilingual SER tasks. The findings suggest that multilingual pre-training provides sub-
stantial advantages for cross- and within-language emotion recognition, with XLS-R achieving the highest
performance across all evaluation scenarios. This work provides the first comprehensive comparison of
multilingual SSL models for SER and establishes new benchmarks for multilingual speech emotion recogni-
tion research. Additionally, we evaluated the improvements for each language as well as for each emotion

category.
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1. Introduction

Speech emotion recognition (SER) has evolved sig-
nificantly in the last two decades [1], yet most re-
search has focused on monolingual approaches [2—4].
While emotional expressions are considered universal
across cultures [5-7], the computational challenge of
multilingual SER remains largely unresolved. Tradi-
tional approaches have relied on conventional acous-
tic features and architectures that struggle to capture
the complex cross-linguistic patterns inherent in emo-
tional speech across different languages and cultures.

Recent advances in self-supervised learning (SSL)
have revolutionized automatic speech recognition and
related tasks, with models like XLS-R [8] demonstrat-
ing superior performance through multilingual pre-
training on massive datasets. However, the potential
of these multilingual SSL models for emotion recog-
nition tasks has been underexplored, particularly in
systematic comparative studies. Previous multilin-
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gual SER research has achieved modest performance,
with the best reported results reaching only 68.0% un-
weighted accuracy [9] using conventional eGeMAPS
features.

While SSL models trained on multilingual data
should, in theory, outperform monolingual models on
multilingual tasks, there is limited evidence on this
[10]. Moreover, previous studies either focused on ar-
chitectural solutions [11-14] or evaluated limited SSL
models without a comprehensive comparison of mul-
tilingual versus monolingual pre-training approaches.
Nor has the effect of model size on performance been
thoroughly investigated.

The proposed study expands the model pool, re-
fines evaluation protocols, and introduces a repro-
ducible benchmarking framework (S3PRL-SER) from
previous studies. It shifts the focus from architectural
tweaks to the impact of multilingual pretraining, of-
fering a more nuanced understanding of cross-lingual
emotion generalization. It also introduces language-
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specific and emotion-specific performance diagnostics,
which were less emphasized in the earlier study.

This study addresses the gap through the first com-
prehensive evaluation of 13 SSL models for multilin-
gual SER, including five specifically trained on mul-
tilingual data. Our key findings reveal that multilin-
gual SSL models, particularly XLS-R variants, signif-
icantly outperform state-of-the-art monolingual SSL
models (UniSpeech-SAT and WavLM) by substantial
margins. Specifically, we achieve 88.95% unweighted
accuracy with XLS-R 2B, which represents a break-
through performance that surpasses previous multi-
lingual SER results by over 20 percentage points.

We conducted rigorous experiments on the
EmoFilm dataset, which includes English, Italian, and
Spanish samples, using both a fixed split and 5-fold
cross-validation in a speaker-independent setting. Our
analysis goes beyond overall performance to inves-
tigate language-specific improvements and emotion-
category performance, showing that multilingual pre-
training offers significant benefits for cross-language
emotion recognition.

Our findings demonstrate that the choice between
multilingual, cross-lingual, and monolingual SSL mod-
els is critical for multilingual SER applications. We
show that XLS-R models exhibit strong English bias
(+27.9% improvement) while maintaining competi-
tive performance across all languages, with impor-
tant implications for real-world deployment. The
performance-consistency analysis reveals trade-offs
between average improvement and cross-language sta-
bility, providing guidance for model selection in differ-
ent scenarios.

All experimental configurations are made publicly
available through our S3PRL-SER toolkit!, enabling
standardized evaluation of SSL models for SER tasks.
This work establishes new benchmarks for multilin-
gual speech emotion recognition and provides a foun-
dation for future research in this domain.

2. Dataset and Partition

The EmoFilm dataset [15] is one of the multilingual
SER datasets that are publicly available (restricted
access) via a request for academic purposes only. The
dataset consists of 1115 samples from English (EN,
343 samples), Italian (IT, 413 samples), and Spanish
(SP, 359 samples) movies. The ITtalian and Spanish
are the dubbed versions of the English movies. Five
emotion categories are studied in this dataset: anger,
fear, happiness, sadness, and contempt (at the 20%
chance level). There is no official split of the data
into training/test sets for evaluating speech emotion
recognition tasks.

We evaluated two scenarios with a fixed train-
ing/test split and cross-validation (Table 1). Both are

Thttps://github.com/bagustris/s3prl-ser/
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Table 1  Distribution of samples in the EmoFilm
dataset in the fixed split and cross-validation split
Partition EN IT SP Total
Fixed split
Train + Dev 293 347 294 934

Test 50 66 65 181
Cross-validation

Fold 1 71 65 87 223

Fold 2 67 73 83 223

Fold 3 69 75 79 223

Fold 4 70 72 81 223

Fold 5 66 74 83 223

speaker-independent scenarios. The first fived split
is for benchmarking our evaluated SSLs with previ-
ous methods, while the second cross-validation (CV)
is aimed at evaluating the robustness of SSLs across
different training and test sets and to resolve am-
biguous rankings that may arise from a single fized
split. We split the entire dataset into five balanced
folds, each fold containing 223 samples. In both sce-
narios, we allocated 20% of the training samples to
dev(elopment), i.e., 185 samples for the fixed split
and 177 for CV. We also designed each fold in CV
to contain near-language-balanced samples (standard
deviations of 1.85, 3.54, and 2.65 for EN, IT, and SP,
respectively). By these criteria, we would like to max-
imize the outputs of SSLs, since the distribution of
each language’s samples matters during training.

The original audio files with 44.1 kHz in WAV for-
mat were downsampled to 16 kHz, also in WAV for-
mat. This lower sampling rate was required since all
evaluated SSLs are only compatible with a 16 kHz
sampling rate. The downsampling was performed us-
ing the SoX audio tool, and no other pre-processing
was performed except for this audio sampling rate ma-
nipulation. Metadata in CSV files for fixed split and
CV were created to help S3PRL process the audio files
for acoustic feature extraction and classification.

Fig. 1 shows the distribution of samples in the
cross-validation evaluation. It can be seen that the
distribution of samples in each fold is nearly class-
balanced for the training and test data (supported by
the small standard deviations). A recent study re-
vealed that dataset balancing could hurt model per-
formance [16]; hence, we left the data unbalanced in
the training, development, and test sets.

3. Evaluated SSL Models

We evaluated 13 SSL models available in the
S3PRL toolkit [17]. The list of evaluated SSL models
and their S3PRL Upstream IDs is shown in Table 2.
The S3PRL toolkit is a collection of pre-trained SSL
models and their corresponding configuration files.
The toolkit also provides a unified interface to extract

Journal of Signal Processing, Vol. 30, No. 5, September 2026



[ Train
160 l Dev —E— 25
o [ Test
140 =
D120
g I
=100
Q
Q 80 159.2 161
g Hasd 139.8
n
60 109
40 F —
20 46.4 e 44.2 48 508| |
0
Fear Contempt Happiness Anger Sadness

Fig. 1 Average distribution of samples for emotion categories with their standard deviation for training, dev, and
test sets in five-fold cross-validation of EmoFilm dataset

acoustic features from the SSL models and to train
and evaluate the downstream task with deep-learning
models from PyTorch.

The general signal processing pipeline for SSL-
based SER operates on a raw speech waveform x € R”
sampled at 16 kHz, where T" denotes the total number
of samples. A CNN-based feature extractor fy first
maps the waveform to a sequence of latent feature
vectors:

zZl € Rdf (1)
where L is the number of output frames and dy is
the CNN feature dimension. These latent features are
subsequently processed by a Transformer encoder g4
to yield contextualized representations:

Z = fo(x) = [21,22,..., 2],

C=g4(Z) =[c1,ca,... ¢ € R (2)
where d, is the Transformer hidden dimension. The
SSL models differ primarily in their pre-training ob-
jectives. The Wav2Vec 2.0-based models (including
XLSR-53 and XLS-R variants) are trained with a con-

trastive loss over randomly masked time steps:

7CL]7

exp (Sim(ctv Qt)/"f)

Z exp(sim(c;, §)/k)

qeQ:

Ectr =

—log

where q; is the quantized target representation at
masked time step t, Q; is a set of distractors (nega-
tives) that includes the true quantized target, sim(-, -)
denotes cosine similarity, and x is a temperature
hyperparameter [8,18,19]. HuBERT-based models
(HuBERT, mHuBERT, LightHuBERT, WavLM, and
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UniSpeech-SAT) instead adopt a masked prediction
objective:

Lmask = - Z IOg p(ét ‘ X\M)
teM

(4)

where M is the set of masked time steps, Z; are dis-
crete pseudo-labels obtained by offline k-means clus-
tering of acoustic features, and X\ 54 denotes the un-
masked input context [20-22].

The choice of 13 SSL models is based on the pre-
vious study [2]. In that study, the authors evalu-
ated 19 SSL models and one conventional acoustic
feature (filter bank). We took five SSL models from
that study, two of which were the best-performing
SSL in that study (UniSpeech-SAT Large and WavL.M
Large). The other three are Wav2Vec 2.0 Large (used
as a baseline) [18], Wav2Vec 2.0 XLSR (XLSR-53)
[19], and HuBERT Large [20]. We added the larger
Wav2Vec 2.0 Large (LV-60 + CV + SWBD + FSH)
[18] to observe the effect of enlarging training data.
The other seven SSLs are chosen based on the multi-
lingual training (XLS-R 300M, XLS-R 1B, and XLS-R
2B [8] and mHuBERT [23]) and their performances on
the SUPERB emotion recognition (ER) benchmark?
(Light HUuBERT Stagel, HuBERT Base Robust MGR,
data2vec Large [24]).

The purpose of choosing multilingual pre-trained
models is to evaluate their effectiveness and benefits
compared to models trained in a monolingual setting
for this multilingual SER task. In this regard, we
evaluated five multilingual pre-trained models (mHu-
BERT and XLSR variants) with eight other models
trained in monolingual settings. A previous study

2https://superbbenchmark.org/
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Table 2 List of evaluated SSL models with their SSPRL Upstream IDs

No SSL Name S3PRL Upstream ID

1. Wav2Vec 2.0 Large #1 * [18] wav2vec2_large_1160k

2. Wav2Vec 2.0 Large #2 ™ [18] wav2vec2_large_lv60_cv_swbd_fsh
3. XLSR-53 [19] xlsr_53

4. XLS-R 300M [8] xls_r_300

5. XLS-R 1B [§] xls_r_1b

6. XLSR 2B [§] xls_r_2b

7. HuBERT Large [20] hubert_large 1160k

8. LightHuBERT Stagel [25] lighthubert_stagel

9. HuBERT Base Robust MGR, [26]
10.  mHuBERT [23]

11.  UniSpeech-SAT Large [22]

12.  data2vec Large [24]

13.  WavLM Large [21]

hubert_base_robust_mgr
mhubert
unispeech_sat_large
data2vec_large_1160k
wavlm_large

* trained on 1160k
** trained on lv60-cv-swbd-fsh

shows the potential benefit of using a multilingual pre-
trained model [27] for multilingual SER, while another
study did not find its effectiveness (XLSR model) for
the Japanese SER [2]. As in those previous studies,
we extracted the representations from the last layer
of the SSL models to the decoder(128 or 257 nodes of
the MLP).

The following are brief descriptions of each model.
Wav2Vec 2.0 is the improved version of Wav2Vec
[28] with a large amount of data for training and
is trained with a masked prediction method (masks
the speech input in the latent space) instead of direct
contrastive learning. The evaluated large models are
trained on 60k hours of data (1160k) and 60k hours
of data plus Common Voice, Switchboard, and Fisher
(Iv60-cv-swbd-fsh). Both models are trained in the
English-only language (monolingual).

XLSR-53 is a multilingual pre-trained model trained
on 53 languages using the wav2vec 2.0 framework.
The model is trained on three datasets: Common-
Voice (CV), BABEL, and Multilingual LibriSpeech
(MLS) [19]. The trained languages, multilingual, in-
clude English (En), Spanish (es), French (fr), Italian
(it), Kyrgyz (ky), Dutch (du), Russian (ru), Swedish
(sv), Turkish (tr), Tatar (tt) and Chinese (zh) for CV;
Bengali (bn), Cantonese (zh), Georgian (ka), Haitian
(ht), Kurmanji (ku), Pashto (ps), Tamil (ta), Turkish
(tr), Tokpisin (tp), Vietnamese (vi) for BABEL; and
Dutch (du), English (en), French (fr), German (de),
Ttalian (it), Polish (pl), Portuguese (pt), Spanish (es)
for MLS. The amount of data is 56k hours.

XLS-R added the number of datasets for training in
the previous XLSR-53 with VoxPopuli (23 European
languages) and VoxLinguall07 (107 languages). Vox-
populi includes : English (en), German (de), Italian
(it), French (fr), Spanish (es), Polish (pl), Romanian
(ro), Hungarian (hu), Dutch (nl), Czech (cs), Slove-
nian (sl), Finnish (fi), Croatian (hr), Slovakian (sk).
The total amount of data comprises 436K hours of
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public datasets. The number of languages, multilin-
gual, is 128. Three evaluated variants of large XLS-R
models in this research are XLS-R 300M with 317M
of parameters, XLS-R 1B with 917M parameters, and
XLS-R 2B with 2162M parameters. The total amount
of data is 436k hours.

HuBERT is an SSL that improves wav2vec 2.0 by
masked prediction of hidden units by combining CNN
encoders with Transformers. As in wav2vec 2.0, Hu-
bert Large is trained on the 1160k (60k hours) dataset,
which is monolingual English data.

LightHuBERT is the light version of HuBERT Base
by creating a large, over-parameterized neural net-
work that contains multiple sub-networks and design-
ing two-stage distillation strategies to leverage the
contextualized latent representations from HuBERT.
In this evaluation, we evaluated the LightHuBERT
model from stage 1. As in HuBERT, it only contains
English data (monolingual). The amount of data is
960 hours for pre-training and 10 hours for fine-tuning.
HuBERT Base Robust MGR is an improved
version of HuBERT that utilizes domain adversar-
ial training (DAT). The dataset for training is Lib-
riSpeech 960 hours, which is a monolingual English-
only dataset. The training includes augmented data
by adding noise from the MUSAN dataset, Gaussian
noise, and reverberation.

mHuBERT is the multilingual version of HuBERT.
The training data is multilingual, including English,
Spanish, and French, and contains 4.5k hours of data
each (totaling 13.5k hours of data) from subsets of the
VoxPopuli dataset.

UniSpeech-SAT is a speaker-aware pre-training
model built on the HuBERT framework. The large
version is trained on diverse data from LibriSpeech,
VoxPopuli, and GigaSpeech datasets. Although the
raw datasets include multilingual data, including Eu-
ropean languages (VoxPopuli), only English is used in
the training stage. Hence, it is a monolingual English
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model. The amount of training data is 96k hours.
Data2Vec is a multimodal model that uses the same
learning method for speech, text, and image. The core
idea is to predict contextualized latent representations
of the input data based on a masked view of the in-
put in a self-distillation setup instead of predicting
modality-specific targets. Data2Vec Large is trained
on LibriLight 60k hours of data (LL60k); hence, it is
a monolingual English model.

‘WavLM is an SSL based on the HuBERT framework
by jointly learning masked speech prediction and de-
noising in pre-training. The Large version is trained
on 94k hours of data from LibriLight, VoxPopuli, and
GigaSpeech. WavLM Large is a monolingual model
for English.

4. Methods

Fig. 2 shows the flow of our experiments. At first,
we pre-processed the EmoFilm dataset to match the
requirements of S3PRL (downsampling and creation
of metadata). Then, we trained 13 SSL models on
that dataset with a fixed training/test split. A single-
layer MLP with 128 and 256 nodes is evaluated as
the classifier. The 256-node MLP (MLP 256) is the
default configuration for the CMU-MOSEI dataset in
the previous study [2]. Since the EmoFilm dataset is
relatively small compared to CMU-MOSEI, we reduce
the number of nodes in the MLP to 128 as an alter-
native architecture. Prior to classification, the frame-
level SSL representations ¢; € R% are first projected
by a trainable linear connector to an intermediate di-
mension H € {128,256}:

hy=We.c;+b,, h €RY (5)

where W, € RF*4c and b, € R¥. The projected
frame-level vectors are then aggregated by temporal
mean pooling to form an utterance-level representa-
tion:

L
_ 1 _ "

Finally, a linear output layer maps the pooled rep-
resentation to emotion class scores:

y = softmax(W, h + b,) (7)

where W, € RE*# and b, € R are trainable param-
eters, and C' =5 is the number of emotion categories.
We refer to this architecture as “M[LP H” (MLP 128
or MLP 256) where H denotes the connector output
dimension. The full pipeline (connector(Eq. 5), mean
pooling (Eq. 6), and output layer (Eq. 7)) is trained
end-to-end on top of the frozen SSL encoder. The
model is trained by minimizing the cross-entropy loss:

C
- Zyc IOg Qc (8)
c=1
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where y. € {0,1} is the one-hot ground-truth emo-
tion label. The model was trained with the Adam
optimizer and a 0.0001 learning rate, a batch size of
two, and for 10000 steps. The five best-performing
SSLs in the fixed training split are selected to be eval-
uated in the cross-validation experiments. The cross-
validation experiments are conducted with five-fold
cross-validation, with two architectures as in the fixed
split evaluations.

We measured the performance in weighted accu-
racy (WA, overall accuracy) and unweighted accuracy
(UA, average recall per emotion category), defined re-
spectively as:

C
ZTPC
WA = % x 100% (9)
C
TP,
UA = C > X, x 100% (10)

where TP, is the number of correctly classified sam-
ples for emotion class ¢, IV, is the total number of sam-
ples in class ¢, and N = Zle N, is the total number
of test samples. Since the dataset and all folds are
not balanced in terms of the number of samples per
emotion category, the UA is the preferred metric. The
reported WA and UA scores are a single run for the
fixed training split (seed: 1337) and an average of five
folds for CV evaluations.

 S3PRL-
Start EmoFllm SER
Select 13 SSL
models
y
Train on fixed v MLP 128
split S~
A MLP 256
y
Select 5 best
SSL models
M MLP 128
Train on cross- "
validation s MLP 256
/,7‘77\
CEna

Fig. 2 Flowchart of the experiments
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We created a new repository for these ex-
periments and future multilingual SER studies
(https://github.com/bagustris/s3prl-ser/). The fixed
experiment is located in the emofilm directory under
s3prl/downstream/; the cross-validation experiments
are located in the emofilm-cv directory. The reposi-
tory, forked from the original S3PRL toolkit?, is pro-
posed to standardize the evaluation of the available
SER datasets as the downstream tasks with the up-
stream of the S3PRL toolkit. The S3PRL-SER toolkit
is aimed at providing a unified interface to evaluate the
performance of SSL models on SER tasks in a simple,
consistent, and configurable manner. The SER re-
searchers are encouraged to contribute to the toolkit
by adding new SER datasets, new SSL models, or re-
porting bugs and issues.

5. Results and Discussions

5.1 Fixed split and cross-validation evalua-
tions

We divided our results into two parts according
to the experiments: a fixed split (Tables 3 and 4)
and cross-validation (Table 5). Although run on the
GPU, the results of the fixed split are deterministic
for each run, thanks to the initialization of the seed
number. For the cross-validation, we reported an av-
erage of five folds. The computation time for a single
SSL lasts about 2 hours on a single RTX 3090 GPU
with i9-10850K or AMD EPYC 7702P CPUs (we run
on two different machines). We did not perform hy-
perparameter optimization due to computation time
constraints. Two different nodes (128 and 256) are
evaluated based on the initial experiments.

The trends shown in Table 3 by MLP 128 and in
Table 4 by MLP 256 are different. The UA scores
sort the lists on both tables. In 128 nodes, the worst-
performing SSL is mHuBERT, while the best is XLS-
R 1 B. In 256 nodes, the worst-performing SSL is
Data2Vec Large, while the best is XLS-R 2B. It is dif-
ficult to justify which SSL performs better under fixed
split evaluation, particularly on small datasets. How-
ever, by comparing the two architectures, we obtained
that the big five SSLs are consistent among them, i.e.,
UniSpeech-SAT Large, WavLM Large, XLS-R 300M,
XLS-R 1B, and XLS-R 2B. We evaluated these five
SSLs in the cross-validation experiments.

Table 5 displays the average performance scores of
the cross-validation experiments. The UA score also
sorts the list. Although the order of SSLs on the two
architectures is different, the top-performing SSL is
the same, i.e., XLS-R 2B. This result supports the re-
sult of a fixed split with 256 nodes. In the previous
fixed split evaluation, it is difficult to judge which one
is better between XLS-R 1B and XLS-R 2B. Given

3https://github.com/s3prl/s3prl
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the more robust score in CV evaluation, it can be
judged that XLS-R 2B generally performs better than
XLS-R 1B and other SSLs. A large amount of data
for training (two billion) on diverse languages is the
main reason for the better performance of XLS-R 2B.
This finding proves the benefit of training multilingual
datasets for multilingual speech emotion recognition.

The XLS-R variants also performed well on the
fixed split evaluations. The top three performing
SSLs on both 128 nodes and 256 nodes were achieved
by XLS-R 300M, XLS-R 1B, and XLS-R 2B (best).
The other two multilingual SSLs, mHuBERT and
XLSR-53, gained comparable performances to non-
multilingual SSL models. We assumed that this poor
performance is due to the amount of training data
in both models. Interestingly, the previous study
stopped using XLSR-53 only (Wav2Vec2 XLSR) for
the multilingual SSL model [2] and found the re-
sults are not as competitive as other SSL models like
UniSpeech-SAT Large and WavLM Large. Motivated
by the success of the use of the multilingual model
for multilingual SER [27], we evaluated other XLS-R
variants and found that XLS-R 300M, XLS-R 1B, and
XLS-R 2B performed well on this multilingual SER
task.

In this multilingual SER evaluation, variants of
XLS-R performed better than WavLM Large and
UniSpeech-SAT Large, which attained state-of-the-art
scores on the previous studies for the emotion recog-
nition task [2,21,22]. Since the top three perform-
ing SSLs in this study are not evaluated in the pre-
vious studies, these three XLS-R variants (300M, 1B,
and 2 B) may also perform well on monolingual SER
tasks. In future studies, it is worth evaluating these
top-performing SSLs in common monolingual datasets
like IEMOCAP, MSP-IMPROV, MSP-Podcasts, and
JTES.

5.2 Performance of best SSL models on each
target language

We used results from the big five models with
128 nodes to analyze the effect of the multilingual
model on each target language. Our cross-language
analysis (Table 6 and Fig. 3 top) reveals significant
language-specific advantages among SSL encoders for
emotion recognition. We choose Wav2Vec2 Large #1
(128 nodes) as a baseline since the XLS-Rs are vari-
ants of this model with much larger parameters and
cross-lingual focus. Although the XLS-R 2B model
obtained the highest UA on multilingual evaluation
(Table 5), individual language evaluation showed that
UniSpeech-SAT, XLS-R 300M, and 1B achieved the
highest score for IT, EN, and SP. The improve-
ment heatmap demonstrates that XLS-R models ex-
hibit strong English bias, with XLS-R 300M achieving
+27.9% unweighted accuracy improvement over the
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Table 3  Performance scores of the evaluated SSLs
on the fixed split with 128 neurons MLP (sorted by

%UA)
SSL model %NWA  %UA
mHuBERT 70.72  67.16
data2vec Large 72.93 72.51
XLSR-53 78.45 72.64
Wav2Vec 2.0 Large #1 78.45 73.21
Wav2Vec 2.0 Large #2 78.45 73.59
HuBERT Base Robust MGR  75.14  74.46
HuBERT Large 77.35 75.54
LightHuBERT Stagel 77.90  76.72
UniSpeech-SAT Large 81.22  79.52
WavLM Large 83.98 82.72
XLS-R 2B 84.53 83.42
XLS-R 300M 85.64  85.57
XLS-R 1B 85.64 86.24

Table 4 Performance scores of the evaluated SSLs
on the fixed split with 256 neurons MLP (sorted by

%UA)
SSL model %WA  %UA
data2vec Large 74.03 72.42
XLSR-53 79.01 73.89
HuBERT Base Robust MGR ~ 74.59  74.63
Wav2Vec 2.0 Large #1 80.66  75.36
mHuBERT 78.45 75.54
LightHuBERT Stagel 77.35  75.92
HuBERT Large 77.90 77.99
Wav2Vec 2.0 Large #2 78.45  79.59
UniSpeech-SAT Large 83.43 80.30
WavLM Large 83.43 81.46
XLS-R 300M 85.64 83.11
XLS-R 1B 84.53 83.80
XLS-R 2B 85.64 84.16
Table 5  Average performance on five-fold cross-
validation with a single-layer MLP (sorted by %UA)
SSL Model WA %UA
128 nodes
UniSpeech-SAT Large 86.10 85.29
XLS-R 300M 86.10  85.59
WavLM Large 86.55  86.62
XLS-R 1B 87.00 87.17
XLS-R 2B 89.24 88.95
256 nodes
UniSpeech-SAT Large 82.42 82.15
WavLM Large 82.06  82.52
XLS-R 300M 87.44 87.11
XLS-R 1B 87.44  87.56
XLS-R 2B 87.53  87.61
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wav2vec2 baseline for English while showing minimal
gains for Ttalian (+5.5%) and negative performance for
Spanish (-6.1%). Conversely, UniSpeech-SAT Large
demonstrates the most consistent cross-language per-
formance, ranking first for Italian (+9.5%), third
for Spanish (-0.7%), and fifth for English (+19.4%).
Overall, English has the most benefit from multilin-
gual SSL models (XLS-R 300M, 1B, and 2B), with an
average improvement of +25.6% across all three mod-
els, while Spanish has disadvantages from multilingual
SSL models, with an average decrease of -2.3% across
all three models (perhaps due to high score on baseline
Wav2Vec2, see Table 6).

Table 6 Unweighted accuracy (UA %) performance of

SSL models across languages on 5-fold CV-128 nodes
SSL Model EN IT SP
Wav2Vec 2.0 Large #1 60.51  74.79  85.56
UniSpeech-SAT Large  79.93 84.33 84.86

WavLM Large 84.25 80.49  84.50
XLS-R 300M 88.44 80.31 79.50
XLS-R 1B 82.03 8247 86.14
XLS-R 2B 88.01 8231 84.96

The performance-consistency analysis reveals (Fig.
3 bottom) distinct trade-offs between average im-
provement and cross-language stability among SSL
encoders. UniSpeech-SAT Large exhibits the high-
est consistency (o = 0.082) with moderate average
improvement (+9.4%), making it optimal for multi-
lingual deployment scenarios. In contrast, XLS-R 2B
achieves the highest average performance (+11.5%)
but with lower consistency (o0 = 0.118), indicating
substantial language-dependent variance. Notably,
Spanish emotion recognition shows resistance to SSL
improvements across all models, with the wav2vec2
baseline achieving 85.6% UA that most SSL encoders
fail to surpass. This suggests that the strong mono-
lingual Spanish baseline creates a performance ceiling
that current multilingual SSL approaches struggle to
overcome, highlighting the importance of language-
specific SSL encoder selection rather than adopting
universal multilingual models for cross-language emo-
tion recognition tasks.

5.3 Performance of best SSL models on each
emotion category

Fig. 4 provides a systematic evaluation of state-of-
the-art self-supervised learning models across discrete
emotion categories for each language (results are also
averages from five folds with 128 nodes). The analy-
sis reveals substantial heterogeneity in model perfor-
mance across emotional dimensions, with XLS-R 2B
emerging as the optimal architecture for three of the
five evaluated emotions (Anger, Happy, and Neutral),
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Fig. 3  Performance of best SSL models on each language (top) and their consistency (bottom): Scores are
averages from five folds. Top: Each cell in the heatmap shows the UA improvement of a given SSL model over
the Wav2Vec 2.0 Large #1 baseline, computed as AUAj,,, = UA{‘;ggd - UA}’aafgline (decimal fraction, e.g. 0.279
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represents one SSL model, with the x-axis showing the average AUA across all three languages (EN, IT, SP)
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average improvement with stable cross-language performance.
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achieving particularly pronounced improvements in
anger detection (overall 4+55.8% in all languages) and
moderate gains in neutral state recognition (+13.9%).
WavLM Large demonstrates superior performance
for contempt recognition with a modest but mean-
ingful improvement of +6.9% (all emotions), while
UniSpeech-SAT Large exhibits optimal performance
for sadness detection, albeit with a marginal decrease
of -1.0% compared to baseline methods. The sub-
stantial performance variance across emotions, partic-
ularly the exceptional gains in anger recognition, indi-
cates that SSL models may be more adept at captur-
ing the acoustic correlates of high-arousal emotional
states compared to low-arousal or complex emotional
expressions. In contrast, all SSL models struggle with
sad emotion (low arousal) recognition.

Compared to the previous study on multilingual
SER using SSLs [10], we found that bigger XLSR, vari-
ants (XLS-R 1B, XLS-R 2B) performed better than
smaller models (XLS-R 53, XLS-R 300M). The previ-
ous study found that XLSR-53 performed best among
the evaluated 12 models. Their top-four models are
XLSR-53, XLS-R 1B, XLS-R 300M, and WavLM
Large; while our findings suggest that the size of the
model linearly correlates with performance improve-
ments in multilingual SER tasks. Hence, our top-four
performing models are XLS-R 2B, XLS-R 1B, XLS-R
300M, and WavLM Large.

6. Conclusions

In this study, we evaluated 13 SSL models, includ-
ing those trained on multilingual data, for multilin-
gual speech emotion recognition tasks. The study is
mainly designed to observe the effect of training mul-
tilingual (speech) data, e.g., variants of XLS-R, on
multilingual SER. The results show that SSL mod-
els trained in diverse languages generally performed
better than SSL models trained on monolingual data
for the multilingual SER task. In addition to the re-
quired diverse languages, we assumed the matter of
the amount of training data. The larger data from
monolingual training (wav2vec 2.0) did not improve
the performance, but the larger data from multilingual
did. Three variants of XLS-R with 300M, 1B, and 2B
of training data outperformed other SSLs, including
SSLs that previously attained state-of-the-art perfor-
mance on the monolingual SER task. Evaluation of
the fixed split partition and cross-validation showed
that XLS-R 2B might perform best on this multilin-
gual task. We achieved a high average score of 88.95%
unweighted accuracy for five-fold cross-validation with
a single-layer XLS-R 2B. Future studies could be di-
rected to evaluate these top-performing SSL models
on other multilingual SER datasets and to observe
whether these models also perform well on monolin-
gual SER tasks.
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