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Abstract

Speech Emotion Recognition (SER) is crucial for improv-
ing human-computer interaction. Despite strides in monolin-
gual SER, extending them to build a multilingual system re-
mains challenging. Our goal is to train a single model capa-
ble of multilingual SER by distilling knowledge from multiple
teacher models. To address this, we introduce a novel language-
aware multi-teacher knowledge distillation method to advance
SER in English, Finnish, and French. It leverages Wav2Vec2.0
as the foundation of monolingual teacher models and then dis-
tills their knowledge into a single multilingual student model.
The student model demonstrates state-of-the-art performance,
with a weighted recall of 72.9 on the English dataset and an un-
weighted recall of 63.4 on the Finnish dataset, surpassing fine-
tuning and knowledge distillation baselines. Our method excels
in improving recall for sad and neutral emotions, although it
still faces challenges in recognizing anger and happiness.
Index Terms: multi-teacher knowledge distillation, multilin-
gual, speech emotion recognition, large audio-language model

1. Introduction

Speech Emotion Recognition (SER) involves identifying and
analyzing emotional states in spoken languages. In multilin-
gual settings, it becomes challenging due to the distinct linguis-
tic features of each language. Unlike simple fine-tuning (FT)
and knowledge distillation (KD), multi-teacher knowledge dis-
tillation (MTKD) specifically addresses this challenge by us-
ing multiple teacher models, each specialized in a different lan-
guage, to enhance the student model’s performance. The impor-
tance of SER is recognized as it benefits applications in human-
computer interaction and speech processing tasks by fostering
empathetic and effective interactions. For instance, SER aids
in early detection and intervention in mental health issues by
monitoring speech [1], even in multilingual communities.

Recent efforts in SER have primarily focused on leverag-
ing pre-trained transformer-based large audio-language models
due to their robust speech representation capabilities [2]. More-
over, it is hypothesized that integrating knowledge from mul-
tiple teacher models significantly enhances student model per-
formance by utilizing complementary insights. For example,
Confidence-Aware MTKD dynamically adapts to each teacher’s
reliability [3], while Adaptive MTKD employs a meta-weight
network to coordinate diverse knowledge from multiple teach-
ers [4]. Their empirical results indicate that these methods out-
perform FT and KD models, particularly in low-resource set-
tings [5]. Overall, there is a clear shift towards adaptive meta-
learning strategies, pre-trained models, and MTKD to achieve
high performance and efficiency.

We found that previous studies have not investigated
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MTKD for multilingual SER, particularly in training a mul-
tilingual student model from monolingual teachers. There-
fore, we hypothesize that optimizing MTKD for multilingual
SER can enhance emotional knowledge transfer across lan-
guages. By leveraging cross-lingual data, we aim to better in-
tegrate emotional knowledge in the student model. Our objec-
tive is to construct a single multilingual SER model through the
distillation of knowledge obtained from multiple monolingual
teacher models. We investigate whether MTKD improves cross-
linguistic emotional knowledge transfer in multilingual SER.
To achieve this, we use cosine similarity scores to select the
most suitable teacher for each language. Consequently, this tar-
geted approach should improve cross-linguistic knowledge in-
tegration, allowing better generalization across languages. By
mitigating score variation through cosine similarity rescaling,
our method enhances stability, resulting in improved cross-
linguistic generalization and reliable performance, even in chal-
lenging multilingual scenarios.

The main contributions of this study are summarized below:

* We propose a language-aware MTKD method using three
teacher models to enhance SER in English, Finnish, and
French It includes both monolingual and multilingual con-
figurations, setting a novel benchmark for multilingual SER.

* Our proposed method achieves superior performance across
datasets by surpassing different training paradigms, such as
standard FT and conventional KD baselines, demonstrating
generalizability and robustness.

2. Related Works

Numerous approaches have been developed for the SER task,
which can broadly be categorized into four groups: simple FT,
conventional KD, MTKD, and multimodal fusion. As for sim-
ple FT, pre-trained models like wav2vec2.0 [6], HuBERT [7],
and WavLM [8] have significantly advanced SER by address-
ing the issue of data scarcity [9]. Leveraging transfer learning
and FT, as demonstrated in the works of [10] and [11], markedly
improved the performance of emotion recognition from speech.
Sharma et al. [12] expanded on this by developing a multi-
lingual learning system, while another study introduced the P-
TAPT method to better align pre-training with target tasks [11].
Unlike the previous studies, Chakhtouna et al. [13] proposed
a model combining HuBERTX-large with an SVM to empha-
size the importance of advanced feature extraction. However,
while the effectiveness of fine-tuning is supported by the em-
pirical outcomes of [10] and [11], limitations such as potential
overfitting and model convergence issues are observed in [13].

When it comes to conventional KD, studies have expanded
its scope for SER by transferring knowledge from a larger
teacher model to a smaller student model to optimize perfor-
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mance [14]. For example, Hao et al. [15] introduced the OFA-
KD framework for heterogeneous architectures, and Zhao et al.
[16] proposed a hierarchical network with decoupled KD. Sim-
ilarly, another work focused on KD-based model adaptation for
emotional speech [17]. These studies generally aim to enhance
the model performance. However, challenges such as the effec-
tiveness of dropout [18], resource demands [19], and the need
for improvements in multi-modal KD [16] are still persistent.
With respect to MTKD, several methods have been pro-
posed, including a confidence-aware MTKD framework to ad-
dress low-performing teachers [3], switched-training for dif-
ferent resource settings [20], and adaptive MTKD with meta-
learning [4]. In contrast, Yang et al. [21] and Ren et al. [22]
concentrated on efficiency and resource optimization through
two-stage MTKD and self-distillation, respectively. Addition-
ally, a few studies explored multimodal and ensemble meth-
ods for enhancing performance [5, 23]. Despite these ad-
vancements, challenges such as high computational demands
[4, 5], large dataset requirements [21], and increased complex-
ity [20, 22] persist, highlighting ongoing limitations in the field.

3. Methodology

Our proposed method involves training a student model S
guided by three teacher models 7%, 75, and 73. The
training process uses the raw audio waveform input X,
which is a discrete-time sequence of N successive samples
{z[1],z[2],...,z[N]} such that z; € R . Three teacher mod-
els, T1, T», and T3, and the student model S each process
X and produce logits for K classes. The Kullback-Leibler
(KL) divergence between the student logits and each teacher’s
logits is computed as Lk (o(Ir;) || o(ls)), where o is the
softmax function. The total KL divergence loss is Lx1 =
Zf’zl ¢i X L%, with ¢; being constants derived from cosine
similarities. The cross-entropy (CE) loss between the student
logits and true labels y is Lcg(o(ls),y). The total loss is
calculated as: £ = (1 — A)Lcor + ALk, where X balances
the contributions of CE and KL divergence losses, enabling the
model to learn accurate classification while aligning its pre-
dicted distribution with the targeted teacher’s distribution.
Motivations: Our proposed method advances SER by address-
ing cross-language variability, a key challenge in multilingual
SER tasks that hinders generalization. We introduce a novel
language-aware MTKD method, where multiple teacher mod-
els, each specialized in a different language, distill language-
specific emotional cues into a student model. Using cosine sim-
ilarity scores, the student model captures nuanced emotional
patterns for each language while learning cross-linguistic rep-
resentations. This approach improves generalizability and mul-
tilingual performance, setting a new benchmark compared to
prior methods that lack language-specific optimization. Fig-
ure 1 presents an overview of our proposed MTKD method.

3.1. Proposed Language-Aware MTKD Method

The proposed method utilizes three pre-trained teacher mod-
els, Ti(.), where i € {1,2,3}, each specializing in English,
Finnish, and French, respectively, alongside a student model
S(.) that can be monolingual or multilingual. The raw audio
waveform X is fed into each model, producing logits I7,, I1,,
Ty, and ls, where each set of logits corresponds to & number
of classes. Then, cosine similarities between the student’s and
each teacher’s logits are calculated to measure alignment:

S0 L[, 4]
VI (5D /S i [5])2

cs; = fori € {1,2,3} (1)
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Figure 1: Proposed language-aware MTKD method.

To prioritize the most relevant teacher, these cosine simi-
larity scores are scaled by a small temperature value 7 < 1.0
and transformed via a softmax function, enhancing small dif-
ferences and focusing on the most relevant teacher: cs; =
exp (cs;/7) /33 _, exp (csi/T). Scaling the cosine similar-
ity by dividing ﬁy a small 7 sharpens the differences between
similarity scores, as exp(cs;/7) amplifies higher scores more
strongly, making the most relevant teacher’s contribution more
dominant. The student and teacher logits are then converted into
probabilities using the softmax function with a higher tempera-
ture 7 > 1.0, such that:

o ()

Zk 1eXP<l [k)

Dividing the logits by a high temperature value 7 smooths the

probability distribution, lowering the model’s confidence in spe-
cific classes and fostering exploration by reducing the differ-
ences between logits of those K classes. Next, the KL diver-
gence loss is computed to ensure the student model mimics the
teachers’ probability distributions:

wr = ZPs[J] log ( [[ﬁ]

Moreover, we aim to ensure that the student model prior-
itizes learning from the most relevant teacher. To do so, we
combine the distribution errors from the three different teachers
by weighting them with the enhanced cosine similarity scores
of each teacher such that Lk, = Zle cs; X L% . Next, the
CE loss is calculated to measure how well the student predicts
the classes by comparing the student’s predicted probabilities
with corresponding class labels (eq. 4).

LCE_iy_log< exp(lsj]) )
=7 T\ S e(1s[k])

Finally, to enable language-aware distillation, we combine the
classification error £¢ g with the distribution error £k, to cal-
culate £. This ensures that the model’s prediction logit distri-
bution is similar to the appropriate teacher and that it correctly
classifies the actual labels, ensuring that the student model not
only aligns its output distribution with the most relevant teacher,
but also accurately classifies the actual labels.

P.lj] = s forz e {S,T;} 2)

) fori € {1,2,3} (3)
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4. Experimental Setup

Evaluation Metrics: To accommodate the varying evaluation
metrics used in different studies, we report UR [22], WR [12],
unweighted accuracy (UA) [11], and weighted accuracy (WA)



Table 1: The composition of combined multilingual data.

Dataset Language  Splits ” g;;arllgles ” Sﬁi})les
IEMOCAP English 5 ~4508 ~1241
FESC Finnish 9 ~2798 ~461
CaFE French 1 420 84

[24] to ensure comprehensive results and facilitate cross-study
comparisons. UR and UA ignore the class distribution, while
WR and WA adjust for it.

Datasets: We utilize three datasets: IEMOCAP [25] for En-
glish, FESC [26] for Finnish, and CaFE [27] for French. We
focus on four common emotion classes, including angry, happy,
neutral, and sad, which are available in all three of these
datasets. This eliminates class inconsistency issue in the multi-
lingual setup. The statistics for the considered portion of these
datasets can be found in Table 1.

Baselines: FT-Mono. fine-tunes Wav2Vec2.0-base' on a mono-
lingual dataset, while FT-Multi. fine-tunes same Wav2Vec2.0-
base! model on a multilingual dataset. Additionally, KD-
Mono. is a knowledge distillation approach where a monolin-
gual student model (Wav2Vec2.0-base!) learns from a multilin-
gual teacher model, which is fine-tuned FT-Multi.

Cross Validation: In the multilingual SER task, we use prede-
fined splits from the English and Finnish datasets and a single
split from the French dataset to train and evaluate our language-
aware MTKD model on non-overlapping sets.

Experiments: For our experiments, we use three teacher mod-
els specialized in English, Finnish, and French SER tasks,
which are fine-tuned Wav2Vec2-base' models, trained for 20
epochs with a learning rate of 3e~° and a batch size of 32. In
our language-aware MTKD method, processed audio is used
as an input to each model to produce soft outputs. We dis-
till knowledge from the teacher models to the student model
by calculating the KL divergence loss, comparing the stu-
dent’s predictions with each teacher’s predictions. The losses
are combined using amplified cosine similarity scores and a
softmax function to prioritize the correct language. Outputs
are further smoothed using a temperature value of 5. The fi-
nal student model is optimized by combining cross-entropy
loss and KL divergence loss, weighted at 75% and 25% re-
spectively, ensuring effective learning of both general and
language-specific SER tasks. The code for reproducing both
the proposed method and the baselines is publicly available at
https://github.com/aalto-speech/mtkd4ser.

5. Results

5.1. Quantitative Analysis
5.1.1. Performance on IEMOCAP

Table 2 presents the empirical results of various training ap-
proaches, including our proposed MTKD method, on the
IEMOCAP dataset. This comparison highlights the effective-
ness and generalizability of three training paradigms: fine-
tuning, knowledge distillation, and multi-teacher knowledge
distillation. The results demonstrate that the MTKD method
with a monolingual student and monolingual teachers (MTKD-
Mono.) achieves the highest mean UR of 72.5, while the MTKD
method with a multilingual student and monolingual teachers

Uhttps://huggingface.co/facebook/wav2vec2-base
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(MTKD-Multi.) achieves the highest mean WR of 72.9. While
other methods exhibit variability in performance and achieve
superiority only in specific splits, our proposed MTKD-Multi.
method consistently outperforms them across most splits, un-
derscoring its robustness.

5.1.2. Comparison with Baselines

Table 3 presents a detailed comparison of our proposed MTKD
method against several baselines for SER in English, Finnish,
and French. The performance is reported as the mean of five
splits for the IEMOCAP dataset and as the mean of the best and
worst splits for the FESC dataset. A more comprehensive anal-
ysis was conducted on the IEMOCAP dataset, given its status
as a widely used benchmark, whereas the investigation of the
FESC dataset was limited to the best and worst splits to opti-
mize computational resources and time. Empirical results indi-
cates that while FT and KD yield promising outcomes, MTKD
demonstrates superior generalization and robustness, achieving
the highest average scores with a substantial amount of data.
In the monolingual setup, MTKD with a monolingual student
(MTKD-Mono.) achieves the highest UR and WR in the [EMO-
CAP and FESC datasets. Likewise, in the multilingual setup,
MTKD with a multilingual student (MTKD-Multi.) attains the
highest UR and WR scores.

The MTKD-Multi. method demonstrates consistent per-
formance across evaluations. The impact of dataset size on
its effectiveness is evident in English SER with the IEMO-
CAP dataset. Given its relatively large training set (5.7 hours),
IEMOCAP exhibits stable performance between the best and
average results (Table 2). Furthermore, while MTKD-Mono.
achieves a marginal improvement over baseline methods in the
monolingual setup, MTKD-Multi. outperforms the baseline by
a significant margin, highlighting its superior ability to lever-
age multilingual training for enhanced performance. However,
MTKD-Mono. achieves the highest UR score across compared
monolingual and multilingual methods. In contrast, Finnish
SER using the FESC dataset, which contains 3.33 hours of
training data, shows a performance drop. For French SER, with
only 0.5 hours of training data, KD-Mono. demonstrates supe-
rior performance compared to other methods. The low perfor-
mance of MTKD-Multi. in French SER is expected, as French
data is a minority group in each training batch. As a result, the
teacher selected based on the cosine similarity scores is often
not the one specialized in French SER, leading to less effective
learning for French compared to English and Finnish SER.

5.1.3. Comparison with Existing State-of-the-Art (SOTA)

Table 4 presents a comparative analysis of various SOTA meth-
ods for English SER using the IEMOCAP dataset. Our pro-
posed monolingual and multilingual MTKD methods outper-
form existing SOTA approaches in terms of WA and UR, re-
spectively. However, the slightly higher UA score reported in
[16] is anticipated, given that their approach utilizes 20% of the
entire dataset, including duplicated data.

5.2. Qualitative Analysis

Figure 2 delineates the average inter-class performance of vari-
ous SER methods. The comparison includes monolingual (En-
glish) and multilingual methods, highlighting the impact of dif-
ferent training approaches. It clarifies that integrating multilin-
gual data enhances overall system effectiveness.

Our proposed method, MTKD-Multi., outperforms other



Table 2: Performance of our proposed MTKD methods alongside other baselines on the IEMOCAP dataset, where ’"Mono." refers
to monolingual, and "Multi.’ stands for multilingual configurations. The upper (numerator) and lower (denominator) bounds of the

confidence interval are reported for both UR and WR.

Spli ] FT-Mono. \ FT-Multi. |  KD-Mono. | MTKD-Mono. |  MTKD-Multi.
WR UR WR UR WR UR WR UR WR
Split1  69.8 735 658 18 70.6 =1 707 T3 725 I-5 703 2 724 788 68531 725700 734 738
Split2  79.3 223 781325 709 5 749118 767 52 748 52 77831 76032 71255 710 15
Split3 6622 65970 67772 695728 695705 69.1 Tl 689 222 69.0 228 714 122 715 118
Split4 685222 70254 642389 697229 70223 70122 723708 728718 716122 738 1%0
Split5 722282 70521 679132 70234 722100 71238 71022 69752 73.0153 747 L2
Mean 712 284 701 75 682 % 71.0 222 722704 710 L 725103 712730 719 22 72.9 5

Table 3: Comparison of our proposed methods with baselines
for SER in English, Finnish, and French.

[ IEMOCAP | FESC | CaFE |

UR_WR UR_WR UR WK

FI-Mono. 712 70.1 595 620 78.1 786
KD-Mono. 722 711 627 678 823 7938
MTKD-Mono. 725 712 629 68.1 78.1 750
FL-Multi. 682 710 627 643 771 798
MTKD-Multi. 719 729 634 661 734 723

Table 4: Performance comparison of our MTKD method against
SOTA methods on the IEMOCAP dataset. Paradigm CKD de-
notes Cubic Knowledge Distillation. * indicates redundancy.

Method Paradigm WA UA UR
Wav2vec2-PT [9] FT — — 67.2
DKDFMH [16] KD — 7717 —
P-TAPT [11] FT — 744  —
Vesper-4 [24] KD 68.4 693 —
CubicKD [28] CKD 633 — —
MTKD-Mono. MTKD 76.0 762 725
MTKD-Multi. MTKD 748 749 719

Improvement with MTKD-Mono. Improvement with MTKD-Multi.

S .11% 0.0% 4.5% © 57% 7.7% -3.8% MIMEL
© ©

T §-27.6% 1.4% -8.8% (KX T §31.4% -53% 0.0%

© < o <

- -

[T [

2 @-17.4% 7.3% -1.7% 10.4% 2 §-41.7%-36.0% 10.5% RIELZ
T .28.6% -7.7% -31.8%11.2% - S -37.5%-15.4%-44.4% 34.3%
wn 1]

ang. hap. neu. sad. ang. hap. neu. sad.

Predicted Label Predicted Label

Figure 2: Performance improvement of MTKD-Mono. over FT-
Mono. on monolingual set (Left) and of MTKD-Multi. over
FT-Multi. on multilingual set (Right), respectively.

approaches in emotion recognition by reducing misclassifica-
tion numbers. Compared to the monolingual fine-tuning method
(FT-Mono.), which struggles with identifying neutral emo-
tions, and the monolingual knowledge-distillation method (KD-
Mono.), which still show confusion between happiness and neu-
tral, our method (MTKD-Mono.) demonstrates superior accu-
racy and generalization, especially for sadness. The multilin-

149

gual fine-tuning method (FT-Multi.) improves performance but
has issues between neutral and sadness. However, our MTKD-
Multi. method enhances overall system effectiveness by im-
proving performance for sadness and neutral emotions.

5.3. Error Analysis

The confusion matrices in Figure 2 reveals that the MTKD-
Mono. method has difficulty distinguishing between Happiness
and Neutral classes, while the MTKD-Multi. method struggles
with Anger class, likely due to being minority classes. De-
spite these challenges, MTKD-Mono. performs better in reduc-
ing misclassifications between Anger and Sadness, and MTKD-
Multi. excels in reducing errors between Neutral and Sadness.
In terms of recall, MTKD-Mono. improves scores for Hap-
piness and Anger, whereas MTKD-Multi. boosts scores for
Neutral and Sadness. Overall, MTKD-Multi. shows superior
performance by reducing misclassification rates and improv-
ing recall, as highlighted by its higher average UR and WR
scores across languages and enhanced performance in English
SER. This indicates that leveraging multilingual data and multi-
teacher knowledge distillation provides a significant advantage
over traditional monolingual methods.

6. Conclusion

This study demonstrates the effectiveness of the MTKD ap-
proach in markedly enhancing the performance of multilin-
gual SER systems. By leveraging multiple monolingual teacher
models, our method facilitates the transfer of cross-linguistic
emotional knowledge, outperforming standard FT and conven-
tional KD methods across various languages and datasets. This
highlights the importance of optimizing emotional knowledge
transfer for improved multilingual emotional understanding.
The quantitative analysis of the IEMOCAP dataset shows that
MTKD-Mono achieves the highest mean UR of 72.5, while
MTKD-Multi attains the highest mean WR of 72.9. Further-
more, in the FESC dataset, MTKD-Mono achieves the highest
WR of 68.1, and MTKD-Multi attains the highest UR of 63.4
among all compared methods. These results validate that train-
ing on out-of-distribution data enhances generalization, even
with limited in-domain data. However, our method currently re-
lies on homogeneous teachers. Moreover, the associated com-
putational demands and challenges in selecting teacher mod-
els underscore areas that require further improvement. In fu-
ture studies, we will explore heterogeneous teachers, alternative
similarity metrics, and broader linguistic and cultural contexts
to develop a more robust and versatile SER system.
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