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Abstract

Building speech emotion recognition (SER)
models that generalize across languages re-
mains challenging due to limited annotations,
linguistic diversity and heterogeneous label
spaces. Current multilingual SER approaches
either rely on fully shared models or re-
strict training to a small set of overlapping
emotions that restrict diversity in expressive-
ness. We propose EMBRACE, a multilingual
speech representation for language-agnostic
SER. Drawing inspiration from partial-label
learning paradigms in computer vision, EM-
BRACE adopts a unified superset emotion mod-
eling strategy. The approach enables training
on mixtures of datasets with non-overlapping
emotion categories by selectively masking ab-
sent categories during optimization. To balance
this complex multi-domain training, the model
leverages a knowledge distillation based pro-
gressive training procedure that stabilizes multi-
lingual optimization and mitigates catastrophic
forgetting. Experiments across seven languages
show that EMBRACE improves cross-corpus
performance by 31.8% and in-corpus by 15.2%
over strong emotional speech representations,
confirming its ability to learn discriminative
and transferable affective representations.

1 Introduction

Speech emotion recognition (SER) aims to au-
tomatically identify human affective states from
speech (Leem et al., 2022, 2024; Lin and Busso,
2023; Wagner et al., 2023; Busso et al., 2013) and
plays an important role in applications such as hu-
man—computer interaction (Cowie et al., 2001),
assistive technologies (Calvo, 2015), and affect-
aware conversational systems (Tu et al., 2022).
In recent years, self-supervised speech models
have substantially improved SER performance by
providing strong acoustic representations (Wagner
et al., 2023; Goncalves et al., 2024b; Reddy Naini
et al., 2025). However, most SER systems are still
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developed and evaluated in monolingual or single-
corpus settings, where labeled data is available. In
practical scenarios, emotional speech data is scarce
for many languages, making it difficult to train
reliable supervised models.

Multilingual SER introduces additional chal-
lenges beyond data scarcity. Emotional expression
varies across languages (Feraru et al., 2015) due to
phonetic, prosodic, and cultural norms in the exter-
nalization of emotions, which limits direct cross-
language transfer. Moreover, existing multilingual
and cross-corpus SER studies typically rely on a
shared emotion taxonomy across datasets, which
either reduces labels to a small overlapping sub-
set (e.g., happiness, sadness, anger, neutral) (Mote
et al., 2025b,a) or defines a new common label
space such as high—low arousal or valence that can
be applied uniformly across all datasets (Amiripar-
ian et al., 2024). Aggregation of emotional labels
is problematic as they oversimplify the perception
of emotions (e.g., dichotomizing classes into arbi-
trary groups (Mariooryad and Busso, 2017), and
merging dissimilar emotional classes). This sim-
plification eliminates dataset-specific emotions and
prevents models from leveraging the full diversity
of available annotations. As a result, current ap-
proaches lack a mechanism to jointly learn from
datasets with heterogeneous and non-overlapping
emotion label spaces.

We propose EMBRACE!, a multilingual SER
framework designed to learn a generalized,
language-agnostic affective representation while
supporting language- and dataset-specific special-
ization. EMBRACE employs a shared multilingual
encoder (SME) backbone and leverages progres-
sive learning to train lightweight language-specific
transformer blocks that act as adapters. To address
heterogeneous label spaces across languages, EM-
BRACE incorporates an 11-class unified superset
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head that models the union of all emotion cate-
gories across datasets. This architectural choice
is inspired by the multi-dataset, unified taxonomy
paradigm in the computer vision tasks introduced
by Zhou et al. (2022). To enable training with miss-
ing labels, EMBRACE uses masked classification
and exponential moving average (EMA)-guided
knowledge distillation, allowing each dataset to su-
pervise only its available emotion categories with-
out affecting the absent ones. A progressive train-
ing strategy with stage-wise freezing and consoli-
dation further stabilizes multilingual optimization.

We evaluate EMBRACE against four strong self-
supervised learning (SSL)-based baselines, includ-
ing pretrained and fine-tuned wavLM (Chen et al.,
2022), Emotion2Vec (Ma et al., 2024b) and Ex-
HuBERT (Amiriparian et al., 2024). We consider
two complementary settings: cross-corpus evalua-
tion and in-corpus supervised classification. EM-
BRACE achieves an average relative improvement
of 31.8% (cross-corpus) and 15.2% (in-corpus).
The results demonstrate the effectiveness of learn-
ing a centralized multilingual affective represen-
tation and modeling heterogeneous emotion tax-
onomies within a single framework. Our contri-
butions include (1) a generalized, SME backbone
with language-specific adapters, (2) a mask based
categorical loss, to support heterogeneous emo-
tion label space across datasets, (3) a progressive
training scheme for stable multilingual learning,
and (4) a unified data-pooling strategy that inte-
grates highly diverse speech corpora in their native
form, completely bypassing the need to alter origi-
nal labels, restrict data to overlapping subsets, or
collapse nuanced emotional categories into over-
simplified dimensions or classes.

2 Related Work

Several studies have modeled cross-lingual SER by
targeting specific languages, such as knowledge
transfer between English and Mandarin (Upad-
hyay et al., 2025a,b), by building adaptation strate-
gies, such as low rank adaptation (Goncalves et al.,
2024a), or by sharing discrete feature space adap-
tation (Mote et al., 2025b). Early work by Hozjan
and Kaci¢ (2003) explored context-independent
SER across multiple languages using shared acous-
tic representations and neural classifiers. Lee
(2019) showed that shared representations and regu-
larization strategies, such as multi-task learning and
normalization, can improve generalization across
heterogeneous languages. Zehra et al. (2021) ex-

plored cross-corpus SER using ensemble learn-
ing, where multiple classifiers are combined to im-
prove robustness across languages. More recent
benchmarking efforts, such as EmoBox (Ma et al.,
2024a), further highlight substantial performance
variability when models are evaluated across mis-
matched corpora and languages.

Our approach aims to solve this challenge by
learning speech representations that generalize
across cross-lingual settings, complementing re-
cent studies that investigate affective representa-
tions for multilingual emotion recognition. Sharma
(2022) leveraged self-supervised representations
such as wav2vec 2.0 with multi-task learning to
share cross-lingual acoustic knowledge. Emo-
tion2vec (Ma et al., 2024b) introduced emotion-
aware pre-training with utterance and frame-level
objectives to learn universal affective features. Ex-
HuBERT (Amiriparian et al., 2024) extended Hu-
BERT and fine-tuned it on EmoSet++, a set of
emotional databases, to improve cross-lingual SER
performance on unseen datasets.

In practice, previous approaches in SER han-
dle heterogeneous emotion annotations by restrict-
ing training to shared categories, redefining emo-
tions into coarse spaces such as high/low arousal
or valence, or mixing samples across corpora with
dataset-specific supervision. While effective for
benchmarking and representation learning, these
strategies limit a model’s ability to learn from the
full diversity of emotion categories across datasets.
To overcome similar constraints in other domain,
studies have proposed partial-label learning frame-
works that selectively manage missing or non-
congruent annotations. For instance, Durand et al.
(2019) introduced a standardized partial binary
cross-entropy loss function that scales optimization
based on the fraction of missing elements, allow-
ing a model to train effectively even when only a
small subset of labels is provided per image. Ex-
panding on this concept for structural data, Zhou
et al. (2022) developed a unified detector across
multiple computer vision datasets by routing data
through dataset-specific loss functions that dynam-
ically mask out unseen classes from the shared tax-
onomy. Similarly, in the medical imaging domain,
Yan et al. (2021) utilized a multi-task network with
multi-expert detection heads to handle heteroge-
neous and partial clinical labels, ensuring missing
lesion types do not introduce confusing or destruc-
tive gradients during universal training. Inspired by
these cross-domain advancements, our framework
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Figure 1: Architecture of EMBRACE.

translates the principles of partial-label masking
into cross-lingual speech emotion architectures.

As multilingual SER models are trained sequen-
tially across languages and corpora, they are sus-
ceptible to catastrophic forgetting, where adapta-
tion to new languages degrades previously learned
representations, motivating progressive learning
strategies that explicitly preserve prior knowledge.

Progressive Neural Networks (Rusu et al., 2022)
introduce a continual learning framework where
each new task is learned by adding a new net-
work column with lateral connections to previ-
ously trained columns, enabling knowledge trans-
fer without catastrophic forgetting. This architec-
ture demonstrates how task-specific parameters can
complement shared representations, informing de-
signs that balance shared learning and task special-
ization. Building on these ideas, our approach com-
bines progressive learning with explicit handling of
heterogeneous emotion annotations, enabling scal-
able multilingual SER that preserves previously
learned knowledge while jointly learning from di-
verse emotion categories across languages.

3 Methodology

Figure 1 shows EMBRACE, which consists of
four key components: (i) an SME backbone that
provides a common representation across all lan-
guages, (ii) lightweight language-specific blocks
that adapt this representation to individual lan-
guages, (iii) a unified superset head that models the
union of all emotion categories across datasets, and
(iv) a progressive training algorithm that combines
consolidation strategy, teacher—student distillation,
and a mask-based categorical loss for heteroge-
neous emotion labels across datasets. Together,
they enable EMBRACE to jointly learn from mul-

tiple languages without restricting emotion labels
to their intersection, artificially clustering classes,
or suffering from catastrophic forgetting.

3.1 Shared Multilingual Encoder (SME)
Backbone

The SME backbone is responsible for extracting
language-agnostic affective representations from
speech. This encoder should be expressive to cap-
ture the variability of emotional speech across lan-
guages. We adopt a pretrained wavLM-large-robust
(Chen et al., 2022) model as the backbone, lever-
aging its strong self-supervised representations
learned from large-scale multilingual speech data.
Here, the raw audio feature extractor of wavLM is
not used, as the encoder operates directly on frame-
level SSL features. Given an input sequence of
frame-level features, the SME backbone produces
contextualized representations that capture tempo-
ral dependencies and affective cues in a shared la-
tent space. These representations are shared across
all languages and datasets, forming a stable founda-
tion for multilingual learning and enabling a gener-
alized affective representation transferable across
languages.

3.2 Language-Specific Blocks

To complement the SME backbone, EMBRACE
introduces language-specific blocks that act as
lightweight adapters to model language-dependent
characteristics of emotional speech. Each language
is associated with a dedicated transformer block
composed of a small stack of encoder layers. These
blocks take the contextualized representations pro-
duced by the SME backbone as input and refine
them to capture language-specific acoustic patterns,
prosodic variations, and dataset-related characteris-
tics.

The output of each transformer block is aggre-
gated over time using mean pooling to obtain an
utterance-level embedding. This pooled represen-
tation is fed into two parallel heads. The first head
is the unified superset head (marked by losses Lcg
and L in Figure 1), which receives inputs from
all language-specific blocks by concatenating their
outputs followed by mean pooling and predicts the
union of emotion categories across all datasets and
valence, arousal and dominance (VAD) attributes.
The second classification head is a dataset-specific
head (marked by loss Lpg in Figure 1) that predicts
only the emotion categories available in the corre-
sponding dataset, as described in Table 1. These
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Table 1: Multilingual SER datasets used in this work. Abbreviations: A (Anger), B (Boredom), C (Contempt), D
(Disgust), E (Enthusiasm), F (Fear), H (Happiness), N (Neutral), S (Sadness), U (sUrprise), R (saRcastic).

Lang. Dataset Domain #Utt. Emotion Set
Enclish MSP-Podcast (Busso et al., 2026) Source 267,913 A,C,.D,FH,N,S,U
g MSP-IMPROV (Busso et al., 2017) Target 8,438 A,HN,S
Russian Dusha (Kondratenko et al., 2022) Source 184,633 A,H,N,S
RESD (Lubenets et al., 2022) Target 1,116 AD.E.FHN,S
Mandarin BIIC-Podcast (Upadhyay et al., 2023) Source 59,993 A,C,D,EH,N,S,U
andarin g motionTalk (Sun et al., 2025) Target 19,250 A,D,FEHN,S,U
Italian Emozionalmente (Fabio, 2023) Source 6,902 A,D,FHN,S,U
EMOVO (Costantini et al., 2014) Target 588 A,D,EH,N,S,U
German Syntact (Burkhardt et al., 2022) Source 6,001 A,B,FH,N,S
EmoDB (Burkhardt et al., 2005) Target 816 A,B,D,FH.N,S
Hindi HindiSER (Shinde et al., 2023) Source 3,200 A,D,EH,N,S,R,U
IESC (Singh and Goel, 2023) Target 600 A,EH,N,S
French Café (Gournay et al., 2018) Source 936 A,D,FH,N,S,U
Oréau (Leila et al., 2020) Target 502 A,D,EH,N,S,U

dataset-specific heads are trained using standard
cross-entropy loss and provide strong supervision
in its own native label space. They are not used at
inference time, but play an important role in the
learning process.

In addition to the online dataset-specific heads,
EMBRACE maintains an exponential moving av-
erage (EMA) copy of each dataset-specific head,
which serves as a stable teacher during training.
The EMA heads evolve smoothly over time and pro-
vide reliable soft targets for knowledge distillation
into the unified superset student head. Together, the
language-specific blocks and dataset-specific heads
enable localized adaptation and dataset-aware su-
pervision while keeping EMBRACE stable across
languages.

3.3 Unified Superset Head

At the core of EMBRACE lies a unified superset
head, which enables joint modeling of heteroge-
neous emotion label spaces across datasets. Instead
of restricting training to a small set of overlapping
emotions, this head predicts over a global super-
set of emotional categories defined as the union of
all emotions present in the training datasets. For a
given utterance embedding produced by a language-
specific block, the unified superset head outputs
logits over all K superset emotions (with K=11
here).

Since each dataset contains only a subset of
these emotions, direct supervision over the en-
tire superset would introduce incorrect gradients
for missing categories. To address this problem,
we employ a mask-based categorical loss for het-

erogeneous emotion labels across datasets. For
a dataset d with available emotion indices Cy C
{A,B,C,D,E,F,H,N,S,U, R} (abbreviations
explained in Table 1), we compute the loss only
over the corresponding subset of logits as shown in
Eq. 1,

exp (2zy)
> kec, €xp (2k)

Lig = —log yeCy (1)

where, z;, denotes the logit of the k-th emotion in
the unified superset head. Emotions not present in
Cy are excluded from the softmax and receive no
gradient updates, ensuring that missing labels do
not negatively affect the training.

A teacher—student distillation mechanism be-
tween the EMA version of the corresponding
dataset-specific teacher head further provides
dataset-specific supervision for the unified superset
student head. The student head is trained to match
the teacher head’s distributions on the same subset
Cy using a KL-divergence loss, as shown in Eq. 2,

Lip = KL(o(ta) || o(c,)), 2)

where, o(-) denotes the softmax function, t4 are
the teacher logits from the dataset specific head,
zc, are the student logits produced by the unified
superset head, sliced to include only the emotion
categories present in the dataset d. This distilla-
tion encourages the unified superset head to inherit
dataset-native class structure while maintaining a
shared global representation.
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In addition to categorical supervision, the unified
superset head incorporates valence, arousal, and
dominance (VAD) prediction as an auxiliary multi-
task objective to encourage the learning of more ro-
bust and affect-aware representations. Using emo-
tional attributes as secondary task has been shown
to increase robustness and generalization in SER
(Xia and Liu, 2017; Reddy Naini and Busso, 2025).
When VAD annotations are available for a dataset,
the model jointly optimizes these attributes using
a concordance correlation coefficient (ccc) loss
(Lcce=1-ccc), which promotes consistency between
the predicted emotional dimensions and ground-
truth. This regression task is used only during
training to regularize the shared representations
and improve generalization across languages.

3.4 Training Strategy

Progressive Freezing and Unfreezing: EM-
BRACE training proceeds in multiple stages that
explicitly control which components are updated at
each phase, preventing catastrophic forgetting, and
reducing interference across languages. Training
begins with a warm-up stage in which the SME
backbone and the unified superset head are frozen,
while one language-specific block and its corre-
sponding dataset-specific head are trained at a time.
This strategy allows each block to adapt to its lan-
guage and dataset characteristics while providing
stability to the SME backbone by preventing noisy
gradients from language-specific blocks. After this
warm-up, training alternates between (i) language-
wise adaptation and (ii) consolidation.

(1) In language-wise adaptation, the SME back-
bone, the active language block, and the unified
superset head are jointly updated, while all other
language blocks remain frozen. Optimization is
restricted to a single dataset at a time, processing
its batches sequentially so that the corresponding
adapter can fully absorb domain-specific traits be-
fore the system switches to another language. As
illustrated in Figure 1, only the specific block as-
sociated with the currently active dataset (such as
Lang?) is set as trainable, while the remaining lan-
guage blocks are securely locked.

(i1) In consolidation, the SME backbone and all
language-specific blocks are frozen, and only the
unified superset head is trained using data from all
languages. In this step, batches are sampled in a
round-robin manner across all datasets, with one
batch from each dataset processed in turn to pro-
mote balanced global alignment in the unified su-

perset head. This alternating schedule encourages
localized adaptation followed by global alignment.
Balancing Dataset and Category Imbalance: To
account for differences in dataset sizes and class
distributions, we apply weighting schemes at two
levels. First, dataset-level weights are used to bal-
ance contributions from datasets of different sizes,
preventing larger corpora from dominating. Sec-
ond, category-level weights are applied within each
dataset to mitigate class imbalance among emotion
categories. These weights are incorporated directly
into the total loss terms, allowing the model to learn
balanced decision boundaries despite skewed data
distributions.

Overall Objective: The total training objective for
a dataset d is shown in Eq. 3,

Etcf)tal = )‘ds'cl%s + )‘CEECClE + ACCCL?CC + )‘kd['%Da

3
where EdDS is the cross-entropy loss for the dataset-
specific head, E?:E is the masked loss applied to
the unified superset head as shown in Eq. 1, £4,
is the CCC loss calculated for the VAD attributes,
and L is the KL-divergence—based distillation
loss from the EMA teacher as shown in Eq. 2. The
coefficients Ags, Ace, Acce, and Apq are the hyper-
parameters that control the relative contribution of
each term.

The proposed strategy that combines progres-
sive freezing, mask-based supervision, and teacher-
student distillation enables EMBRACE to learn
multiple languages with heterogeneous label spaces
in a stable manner, while maintaining a single
shared classifier at inference time.

4 Experimental Settings

4.1 Multilingual Datasets

We evaluate EMBRACE in a multilingual setting
spanning seven languages (English, Russian, Man-
darin, Italian, German, Hindi, and French), each
paired with one labeled source dataset and one un-
seen target dataset. Table 1 summarizes the dataset
details, where the first-row for each language is
a source domain and the second-row is the corre-
sponding target domain. Importantly, the emotion
label space differs across datasets, reflecting the
heterogeneity commonly encountered in real-world
SER benchmarks. With the exception of Section
5.2, the model is trained exclusively on the source
domains and evaluated on the target domains, sim-
ulating a realistic cross-corpus scenario in which
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Target Dataset Language wavLM wavLM-ft emo2vec ExHuBERT EMBRACE
MSP-IMPROV  English 0.174 +£0.03 0.1934+0.02 0.1624+0.02 0.191+0.02 0.233 +0.03*
RESD Russian 0.077+£0.04 0.134 +0.06 0.062 +0.05 0.041 +£0.01 0.265+0.07*
EmotionTalk Mandarin | 0.162 +0.03 0.1874+0.02 0.129+0.01 0.158 £0.01 0.225+0.02*
EMOVO Italian 0.124 £0.11 0.157+0.08 0.0514+0.04 0.0904+0.04 0.260+0.11*
EmoDB German 0.393 £0.08 0.446 +£0.07 0.248+0.06 0.480+0.11 0.412+0.09
IESC Hindi 0.337£0.20 0.361+0.15 0.3264+0.11 0.3414+0.15 0.468 £0.16
Oréau French 0.143+0.04 0.164+0.05 0.113+0.07 0.153+0.06 0.158 +0.04

Table 2: Cross-corpus macro-F1 scores across target datasets (Mean &= SD). Bold values indicate the best-performing
model. The symbols * denote statistically significant (p < 0.05) improvements over the second-best model based

on a two-tailed paired ¢-test across 5 folds.

labeled data is available only for the source domain,
allowing us to assess the ability of EMBRACE to
generalize across datasets and languages leveraging
shared affective knowledge across languages.

4.2 Implementation Details

EMBRACE is trained on 1,024-dimensional frame-
level SSL representations extracted from a pre-
trained wavLM-1large-robust model, downloaded
from huggingface and fine-tuned on the MSP-
Podcast corpus (Busso et al., 2026) for the SER
task. The shared multilingual encoder (SME) back-
bone comprises the 24-layer Transformer encoder
from wavLM (dpmoedel = 1, 024), operating directly
on input frames without raw-audio waveform pro-
cessing. Each language-specific adapter block is
configured as a 4-layer Transformer encoder with
Nhead = 8, a hidden dimension of 1,024, a feed-
forward dimension of dg = 2,048, and a dropout
rate of p = 0.10 with GELU activations. The uni-
fied superset head consists of a 11-way categorical
classifier, while each dataset-specific teacher head
uses a linear projection matching its native subset
of categories |Cy|.

Training is conducted using PyTorch on an
NVIDIA A100 GPU (80GB) with a batch size of
16. We employ the AdamW optimizer with decou-
pled weight decay of 1 x 10~2 and momentum pa-
rameters (1, 32) = (0.9,0.98). During language-
wise adaptation phases, differentiated learning rates
are applied across sub-modules: 1 x 10~ for the ac-
tive language adapter and its corresponding dataset-
specific teacher head, and 1 x 1075 for both the
SME backbone and the unified superset classifi-
cation head. During the interleaved consolidation
phases, all language-specific blocks and the back-
bone are locked, and only the unified prediction
head is optimized with a reduced learning rate of
5 x 1075, Gradients are scaled and clipped to a

maximum Lo norm of 5.0 across all training phases
to stabilize optimization across different corpora.

For the multi-task and distillation objectives in
Eq. 3, the loss weighting coefficients are set to
Ads = 1.0, Aee = 1.0, Aeee = 1.0, and Mg = 0.3.
Soft-target knowledge distillation utilizes a temper-
ature parameter of 7 = 2.0 with an exponential
moving average (EMA) momentum of m = 0.995
for updating the teacher heads, activated after a
1-epoch distillation warmup. To address signifi-
cant disparities in corpus sizes and label distribu-
tions, optimization employs a two-tiered reweight-
ing strategy: (i) dataset-level scaling factors to nor-
malize gradient magnitudes across large and small
corpora, and (ii) inverse class-frequency cross-
entropy loss weights computed per dataset to pre-
vent majority-class collapse on highly imbalanced
targets. All target evaluations across all compara-
tive baselines follow a 5-fold cross-validation pro-
tocol with Macro-F1 reported as the primary evalu-
ation metric.

5 Results and Analyses

5.1 Cross-Corpus Evaluations

We first evaluate EMBRACE in a cross-corpus set-
ting, where EMBRACE and baselines are trained
exclusively on the source datasets and tested on
the unseen target datasets. This setup directly mea-
sures the ability of the learned representations to
generalize across datasets and languages, which is
a key challenge in multilingual SER. EMBRACE is
compared against four strong SSL-based baselines,
(i) pretrained wavLM (Chen et al., 2022), (ii) fine-
tuned wavLLM on SER task using the MSP-Podcast
corpus, (iii) emotion2vec (Ma et al., 2024b) and (iv)
ExHuBERT (Amiriparian et al., 2024). For base-
lines, speech features are extracted from the four
SSL models and fed to train a lightweight classifier
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with three fully connected layers and the unified su-
perset head, using the same protocol as EMBRACE.
In contrast, EMBRACE is trained end-to-end as de-
scribed in Section 3.4, allowing the SME backbone
and language-specific blocks to adapt. This con-
sistent setup ensures a fair comparison between
EMBRACE and baselines, where differences in
performance arise from the representation learning
strategy rather than variations in the training condi-
tions. To estimate the consistency in the prediction,
each target dataset is randomly partitioned into five
subsets, with the final mean and standard deviation
calculated across these independent evaluations.

The cross-corpus results shown in Table 2
demonstrate a clear advantage of EMBRACE over
all baselines. EMBRACE achieves the best perfor-
mance in five out of seven datasets, consistently
outperforming strong SSL feature extractors. In
the remaining datasets, EmoDB and Oréau, EM-
BRACE performs almost on par with the strongest
baselines, showing only a marginal degradation of
approximately 5%. Notably, EmoDB is included
in ExXHuBERT’s supervised training, which may
partly explain this advantage. This small gap sug-
gests that, even in cases where pretrained repre-
sentations are already highly transferable, the pro-
posed framework remains competitive. On average,
EMBRACE yields a 31.8% relative improvement
over the strongest baseline (wavLM-ft) across the
target datasets. This gain indicates that the improve-
ments are not limited to isolated languages but are
consistent across diverse emotional label spaces
and recording conditions. Notably, in cases such as
Russian or German, where certain target emotion
categories are absent in the source corpus, EM-
BRACE benefits from complementary supervision
in other languages, enabling better generalization
to previously unseen emotional classes.

5.2 In-Corpus Evaluations

In addition to cross-corpus transfer, we perform
an in-corpus evaluation to assess the intrinsic qual-
ity of the learned representations. For each target
dataset, features are extracted using EMBRACE
(trained only on source domains) and the baselines.
For EMBRACE, the features correspond to the rep-
resentations from the SME backbone and language-
specific blocks before the unified superset head. A
classifier with three fully connected layers is then
trained and evaluated independently on each target
dataset using a five-fold cross-validation strategy,
isolating representation quality from domain adap-

tation effects.

As shown in Table 3, EMBRACE achieves the
best performance in four of the seven target lan-
guages, indicating that its multilingual training pro-
duces strong emotion-discriminative embeddings
even under supervised evaluation. The fine-tuned
wavLM slightly outperforms EMBRACE by an av-
erage margin of 4% on EmotionTalk and EMOVO,
while ExHuBERT performs better on Oréau with a
margin of 8%. Nevertheless, these performance
gaps remain marginal, demonstrating that EM-
BRACE maintains a highly competitive baseline
even in target domains where it does not achieve
top-tier results. Crucially, EXHuBERT had an ad-
vantage in EmoDB by including it in its supervised
training. EMBRACE outperforms this baseline,
demonstrating the superior generalization capabil-
ity of learned representations from our multilingual
synthesis framework.

On average, EMBRACE improves performance
by 20.5% over fine-tuned wavLM and 15.2% over
ExHuBERT, suggesting that the SME backbone
combined with language-specific adaptation yields
more transferable and structured emotion repre-
sentations. In contrast, emo2vec shows noticeable
degradation, reflecting the limitation of training
with reduced common emotion taxonomies (e.g.,
four-class settings) and reinforcing the importance
of modeling the full diversity of emotion categories
rather than collapsing them into a small subset.

6 Impact of Multilingual Training

To assess the impact of multilingual training on
cross-corpus evaluations, we include an additional
variant, EMBRACE-It (Table 4) as an ablation
study. It is trained only on the Italian source dataset
with identical architecture and training procedure.
This variant isolates the role of linguistic diversity
by removing cross-language exposure. EMBRACE
trained on all seven languages significantly outper-
forms EMBRACE-It, achieving a 29.5% average
improvement and better results on six of seven
target datasets, with only a minor drop on Oréau,
highlighting the benefit of multilingual diversity for
robust and transferable affective representations.

7 Progressive Optimization Trajectory

To analyze the internal optimization mechanics
of EMBRACE, we monitor its micro-level behav-
ior during both sequential training intervals and
global consolidation phases. Specifically, while the
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Target Dataset Language wavLM wavLM-ft emo2vec ExHuBERT EMBRACE
MSP-IMPROV  English 0.154+£0.00 0.154+0.00 0.1544+0.00 0.1594+0.01 0.162 4+ 0.02
RESD Russian 0.143 +0.03 0.196 +=0.04 0.0624+0.02 0.1954+0.03 0.253 +0.01*
EmotionTalk Mandarin | 0.3154+0.00 0.323 +0.01 0.094 +0.00 0.230 £ 0.00 0.316 +0.01
EMOVO Italian 0.187 +0.03 0.301 +0.02% 0.0544+0.01 0.203 + 0.06 0.280 4+ 0.05
EmoDB German 0.238 +£0.07 0.359+0.07 0.05440.03 0.483 +0.04f 0.494 + 0.03¢
IESC Hindi 0.323+0.08 0.439+0.09 0.1184+0.04 0.546+0.04 0.572+0.03¢
Oréau French 0.127+0.04 0.1744+0.04 0.066 +0.01 0.286 +0.05" 0.261 + 0.04

Table 3: In-corpus macro-F1 scores across target datasets (Mean 4 SD). Bold values denote the best-performing
model. * indicates statistical significance (p < 0.05) over the second-best model; ¥ indicates statistical significance

(p < 0.05) over the third-best baseline under a two-tailed paired ¢-test across 5 folds.

Target Dataset Language\EMBRACE-It EMBRACE

MSP-IMPROV  English 0.150 0.233
RESD Russian 0.107 0.265
EmotionTalk ~ Mandarin 0.108 0.225
EMOVO Italian 0.238 0.260
EmoDB German 0.313 0.412
IESC Hindi 0.326 0.468
Oréau French 0.164 0.158

Table 4: Ablation study evaluating the impact of multi-
lingual training on cross-corpus macro-F1 scores
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Figure 2: Progressive Language Training Trajectory

model trains sequentially on each individual source
dataset, we track macro-F1 scores of the test set of
each source dataset simultaneously.

7.1 Sequential Language-Wise Adaptation

The figure 2 presents the performance trajectory
across a single sequential training cycle (captured
during the final epoch). It clearly visualizes the ten-
sion between localized adaptation and cross-lingual
gradient interference. As the model transitions se-
quentially from one language corpus to the next, a
distinct localized pattern emerges. The macro-F1
score for the actively training language experiences
a sharp spike when the model directly optimizes on
its native data. However, this localized gain often
comes at the expense of other inactive languages,
which display noticeable drop or volatile fluctua-

Testing Languages
© —e— English
ssssss

Macro F1-Score

0.0

50\ ®

) © 1
s s 05O con

Co! Co! Co
Consolidation Milestone

cors® > cors® ? cors® > cors® )

Figure 3: Macro-F1 score Along Consolidation Phases

tions during the same window. This fluctuating
behavior validates our original hypothesis regard-
ing multilingual SER that sequential training across
highly heterogeneous label spaces induces catas-
trophic forgetting and gradient conflict. Crucially,
as the sequence reaches the final "Consolidation"
step at the end of the epoch, these divergent perfor-
mance lines recover from their respective troughs
and move upward, demonstrating how the consol-
idation reconciles these competing acoustic and
heterogeneous label traits.

7.2 Cross-Epoch Consolidation Progression

The long-term efficacy of this balancing act is ex-
plicitly shown in Figure 3 by tracking the model’s
performance, strictly at the consolidation mile-
stones across all eight training epochs. At the
first consolidation milestone, the macro-F1 scores
across all source languages start from a relatively
low baseline, reflecting the initial chaos of forcing
a shared backbone to process incompatible emotion
spaces. However, from Consolidation 1 through
Consolidation 8, the trajectory across all source lan-
guages exhibits a sustained, steady upward climb.
Although minor localized fluctuations occur in in-
dividual epochs due to the lingering effects of the
preceding sequential updates, overall the general
trend points to steady improvement and long-term
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stability. This progress across epochs proves that
the alternating stage-wise schedule does not just
prevent catastrophic forgetting; rather, it system-
atically uses the round-robin consolidation phase
to transform fragmented, language-specific adapter
knowledge into a unified, highly transferable global
affective representation space.

8 Computational Complexity Analysis

EMBRACE decouples universal representation
learning from language-specific specialization to
balance modeling capacity and computational over-
head. The architecture consists of three main com-
ponents: (1) a SME backbone (~315M parameters
based on wavLM-large), (2) dedicated language
specific blocks (N = 7, with ~12.6M parame-
ters each), and (3) compact task prediction heads
(~15.4k parameters for the unified superset emo-
tion classification and dimensional VAD regression
heads).

Parameter Footprint and Scaling: Each lan-
guage specific block comprises an input linear pro-
jection followed by a stack of four Transformer
encoder layers (dmoder = 1,024, eight attention
heads, and a feed-forward dimension of 2,048). As
additional languages are added to the framework,
the model size scales linearly: parameter growth
is limited to O(N) from the lightweight language
adapters, while the primary 315M-parameter acous-
tic backbone is shared without duplication.

Inference Complexity: For an input utter-
ance of 7T acoustic frames with feature dimen-
sion D = 1,024, evaluating the backbone re-
quires O(Lsmg - (T’ D? 4 T2 D)) operations, where
Lsme = 24 denotes the depth of the 24-layer
wavLM encoder. Because our inference pipeline
operates in a language-agnostic setting, represen-
tations are extracted across all N = 7 language
specific blocks concurrently before temporal pool-
ing and mean-aggregation across blocks. This
strategy contributes an additional complexity of
O(N - Leor - (TD? + T2 D)), where Lo = 4 repre-
sents the 4-layer depth per language specific block.
Consequently, overall inference computation scales
linearly (O(NN)) with the number of supported lan-
guages.

Training Efficiency: Despite maintaining mul-
tiple language specific blocks, progressive training
keeps the memory footprint bounded during opti-
mization. In each language-wise adaptation step,
only the active language adapter and the shared

backbone are updated, while the remaining N — 1
language specific blocks are frozen under gradient-
free execution. This selective freezing avoids back-
propagating through all IV language specific blocks
simultaneously, ensuring stable training on a single
80GB NVIDIA A100 GPU with a batch size of 16.

9 Conclusions

This paper introduced EMBRACE, a multilingual
SER framework designed to learn a shared affec-
tive representation while accommodating heteroge-
neous emotion label spaces. EMBRACE enables
joint learning across multiple languages without
restricting supervision to overlapping emotion cate-
gories, by combining an SME backbone, language-
specific blocks, and a unified superset head trained
with a mask-based categorical loss for heteroge-
neous emotional labels across datasets. Progressive
training with consolidation and EMA-based distil-
lation stabilizes multilingual optimization.

Extensive experiments across seven languages
demonstrate that EMBRACE consistently im-
proves cross-corpus generalization, outperforming
strong SSL-based baselines in five out of seven tar-
get datasets and achieving average gains of 31.8%.
In the in-corpus evaluations, EMBRACE yields
competitive and often superior performance with
15.2% gains over the best baselines, confirming the
quality and transferability of the learned represen-
tations. Ablation analysis confirms that, multilin-
gual training provides clear benefits over single-
language models, highlighting the value of training
on highly diverse emotional data. Finally, tracking
the macro-F1 trajectories of the test set of source
datasets demonstrates that, while sequential learn-
ing induces temporary localized performance trade-
offs, the periodic consolidation phases successfully
reconcile these conflicts to ensure steady, long-term
improvement across all languages.

Overall, these findings suggest that unified su-
perset modeling combined with progressive mul-
tilingual learning offers a practical and scalable
direction for robust speech emotion recognition
across languages and datasets.

Limitations

While our framework demonstrates a robust capac-
ity for cross-lingual speech emotion recognition, it
has a few distinct limitations. First, EMBRACE
is dependent on precomputed features from an
upstream wavLM model fine-tuned on the MSP-
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Podcast corpus. Because our shared backbone op-
erates directly on these frozen representations, any
acoustic biases or emotional misalignments from
the upstream encoder will naturally pass through
to our system.

Second, the network introduces an inference
overhead that scales with the number of language
specific blocks. Since the unified superset head
requires concatenating and pooling outputs from
all language-specific adapters simultaneously, in-
ference demands a full forward pass across every
single language block, leading to a linear increase
in parameter and memory usage as new languages
are introduced.

Finally, our empirical evaluation is restricted to
seven high-resource, well-structured corpora. The
localized performance drops seen in specific tar-
get domains (such as Mandarin and French) high-
light that highly unique recording environments
and dataset-specific annotation boundaries still in-
troduce an optimization bottleneck for generalized
cross-lingual transfer.

Ethical Considerations

While EMBRACE aims to improve cross-lingual
speech emotion recognition for helpful applications
like accessible user interfaces, we recognize that
this technology carries risks of unintended mis-
use. Systems that decode emotions from the hu-
man voice can unfortunately be exploited for intru-
sive purposes, such as unauthorized voice profiling,
workplace surveillance, or manipulative targeted
advertising. Additionally, because our framework
is trained on existing public datasets, it may inad-
vertently reflect or reinforce geographic or demo-
graphic biases embedded in those original annota-
tions. To mitigate these risks, we strongly advocate
that any downstream applications deploying this
framework secure explicit user consent and imple-
ment robust data privacy protections.

Artifact Licensing and Terms of Use

All 14 speech emotion recognition datasets utilized
in this study are publicly or academically accessible
artifacts. We have processed and evaluated these
corpora in strict accordance with their original dis-
tribution terms. Specifically, datasets requiring for-
mal research permissions (such as MSP-IMPROV)
were accessed under signed Academic End-User Li-
censes from their respective institutional creators,
while others (such as EmoDB) were used under

open-access or public domain terms for scientific
exploration. Our use of these assets remains en-
tirely consistent with their intended application as
non-commercial benchmarks for speech and lan-
guage modeling, ensuring full compliance with the
ethical and legal frameworks established by the
data creators.

Generative AI Disclosure

We utilized the Gemini large language model
purely as a writing assistant to refine the language,
improve clarity, and smooth out the narrative flow
of our original text. The Al tool was not involved
in generating new research ideas, designing experi-
ments, all core scientific concepts and contributions
remain entirely our own.
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