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Abstract

Emotion plays a fundamental role in human interaction, and
therefore systems capable of identifying emotions in speech are
crucial in the context of human-computer interaction. Speech
emotion recognition (SER) is a challenging problem, particu-
larly in natural speech and when the available data is imbal-
anced across emotions. This paper presents our proposed sys-
tem in the context of the 2025 Speech Emotion Recognition in
Naturalistic Conditions Challenge. Our proposed architecture
leverages cross-modality, utilizing cross-modal attention to fuse
representations from different modalities. To address class im-
balance, we employed two training designs: (i) weighted cross-
entropy loss (WCE); and (ii) WCE with an additional neutral-
expressive soft margin loss and balancing. We trained a total
of 12 multimodal models, which were ensembled using a bal-
anced stacking model. Our proposed system achieves a Macro-
F1 score of 0.4094 and an accuracy of 0.4128 on 8-class speech
emotion recognition.

Index Terms: speech emotion recognition, cross-modality,
stacking

1. Introduction

Conveying emotional content plays a pivotal role in human
spoken communication, which makes it essential to consider
emotional aspects when developing speech-understanding sys-
tems for specific applications. In this scenario, speech emotion
recognition (SER) is characterized as the task of automatically
identifying a person’s emotional state based on their voice [1],
generally relying on three main steps: data processing, feature
selection/extraction, and classification [2].

In healthcare, SER has been explored as a tool to identify
emotions expressed by patients with neurological disorders [3]
or to assist clinicians in analyzing depression [4]. In the busi-
ness sector, successful identification of the emotional state of
customers, for example, during call center interactions, can be
a way to improve client retention and better assess the quality
of service [5, 6]. Furthermore, in-car voice systems with SER
capabilities may help prevent dangerous driving situations [7].
Other promising fields of application include human-robot in-
teraction [8] and affective computer gaming [9], highlighting
the versatility of SER technologies.

Although relevant progress has been made in this field, SER
still poses a significant challenge even to state-of-the-art speech
models [2], which highlights the complexity of the task itself.
The speech signal is inherently variable and carries a high in-
formational load to account for linguistic and paralinguistic fac-
tors, thus rendering classification models great difficulties when
trying to identify emotion-related content specifically. A com-
mon approach to tackle this problem is hand-engineering sets

of acoustic features capable of explaining emotional variance
in speech, then using them as input to train the classification
system [10]. More recently, self-supervised deep learning mod-
els have shown that it is possible to create meaningful speech
representations from raw waveforms [11, 12]. However, these
models heavily rely on enormous amounts of training data, a
condition not easily met in the context of SER since acquir-
ing emotional speech datasets is challenging by itself. Datasets
based on acted speech allow better control over desired emo-
tional performances but may diverge from real-world expres-
siveness. Acquiring genuinely emotional spontaneous speech,
on the other hand, raises questions regarding data privacy and
requires human annotation, which is both costly and prone to
inter-annotator disagreement [13].

In this paper, we present a categorical SER system that uses
a Random Forest stacking model trained on top of 12 pretrained
cross-modal models on the MSP podcast dataset provided by
the 2025 Speech Emotion Recognition in Naturalistic Condi-
tions Challenge. The intuition behind using a model ensemble is
to combine various data representations that together might be
capable of capturing emotional content. Since previous works
have shown that textual content representations are capable of
enhancing emotion recognition [14], all models that compose
our ensemble are bimodal, combining audio and text features.
Additionally, two models also work with prosodic features ex-
tracted with NaturalSpeech3’s FACodec [15] (NS3). A major
issue with the dataset we work with is class imbalance, which
we tackle using a class-weighted cross-entropy loss function,
soft margin loss, and a balanced batching data loading scheme.

2. Related Works

Several works have verified that the combination of multiple
modalities led to an overall improvement in the general emo-
tion recognition task [16]. This is due to the fact that introduc-
ing more information helps the model to get a fuller grasp of
one’s emotional state [17]. Some examples of modalities used
to detect emotions in literature are: visual (facial expressions,
body gestures, eye gaze, etc); auditory (speech, environmental
sounds, etc); physiological (ECG, EEG, etc); and textual [18].

In the case of SER, numerous studies have demonstrated
that combining speech features with their corresponding tran-
scripts can enhance the overall recognition task [14, 19]. No-
tably, instead of learning features from scratch, these works
have also leveraged pre-trained self-supervised representations
(SSL) to benefit from large-scale training and learn smaller
emotion recognition heads on top. For instance, a combination
of Wav2Vec2, RoBERTa, and even Fabnet, a self-supervised
framework for learning facial attributes embeddings from video,
has been employed to perform SER [20].
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Moreover, prosody representations obtained by training an
LSTM on the GEMAPS [21] acoustic parameters, combined
with textual features obtained by training a CNN on the speech
transcripts, was shown to improve emotion recognition perfor-
mance by over relative 20% in terms of unweighted accuracy
on the IEMOCAP dataset when compared to solely using audio
by and over 9% over only text [19]. The authors also experi-
ment using both features together with handcrafted pre-trained
e-vector features, which represent prosody. The improvement
compared to the single audio baseline raised was up to over
21%. This indicates that scaling up the number of modali-
ties/features, as long as they are diverse in the sense of intro-
ducing more information, can improve model performance.

3. System Description

Based on the idea that scaling the number of cross-modal fea-
tures can improve the emotion recognition task, our system con-
sists on a meta-model that is trained on the representations pro-
duced by several cross-modal models. The lasts are obtained us-
ing a number of combinations of pre-trained features from dif-
ferent modalities and trained independently with a carefully de-
signed features fusion mechanism using cross-modal attention.
Our system also employs different losses and batch-balancing
strategies to handle class imbalance'.

3.1. Cross-Modal Architecture

The proposed architecture is illustrated in Figure 1. Text fea-
tures are encoded at token level TL*Pt € RLXPt (where L is
the number of text tokens and D; is the dimension of text fea-
tures), while paralinguistic and speech features are extracted at
frame level (PT»*Pr ¢ RFp*Dr gpd §Fs*Ds ¢ RFsxDs
with F}, and F being the paralinguistic and speech number
of frames and D, and D, the respectively features dimen-
sions). Then both are passed through a Multilayer Perceptron
(MLP), projecting them onto a common hidden size h = 512.
To normalize the values across all modalities, a layer normal-
ization is applied. Each modality then undergoes a bidirectional
Gated Recurrent Unit (GRU), generating a final representation
by concatenating the latent layers in each direction (77 Pt —
TTXDZh, PFp XDy N PprDzh , SFS XDg N SFS ><D2h).

Finally, the modalities are aligned using a cross-modal at-
tention layer. This layer consists of a multi-head attention
mechanism that takes one modality as the query and another
modality as the key and value, thereby aligning their representa-
tions with respect to each other for each distinct modality com-
bination. The output of the cross-modal attention is added to
the output of the GRU, balancing the modality-specific infor-
mation and the cross-modal alignment. This operation is per-
formed for all combinations of modalities present in the ar-
chitecture. The number of heads is set to 1 to avoid over-
fitting. After this alignment, the features are aggregated us-
ing attention pooling, collapsing each modality into a single
dense representation weighted by the learned attention weights
(TLXDQ,,, N TlXD2”, PFPXDZh N PIXDQh, SFPXDQ;,/ N
S1%P2ny Equations 1 and 2 define the attention pooling oper-
ation:
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ICode is available at: https://github.com/ATI-Unicamp/
interspeech_ser
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Figure 1: Proposed cross-modal architecture. Dashed lines in-
dicates the tri-modal branch approach when applicable. Each
text, speech and paralinguistic inputs are frozen during pro-
posed model training.
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Where w is the learned attention weights, r; € RP is the
modality feature frame/token i with dimension D and m € RP
is a trainable parameter. The pooled representation 7 is the
weighted average of the modality feature. All pooled rep-
resentation are concatenated generating a single dense vector
C € RP7, where Dy is the concatenated dimension of all fea-
tures (4 x h for bimodal models and 6 x A for trimodal ones).

Emotion logits are generated by processing C' through a
classifier layer, which consists of a layer normalization, an
MLP, a Rectified Linear Unit (RELU) activation function, and
a final MLP that outputs the logits. This classifier layer trans-
forms the dense representation into a set of emotion-specific
logits.

3.1.1. Training design

To address the imbalance between different emotions, we pro-
pose training the model in two different designs. The first con-
sists of using weighted cross-entropy (WCE), where the loss is
weighted by the inverse of the frequency of each class, similar



to the approach proposed in [14]. We define the weights for
each class using the Equation 3:

N 3)

where E is the number of different emotions, V; is the
amount of samples of emotion class j in the training set and
N is the total amount of samples in training set. This approach
allows us to assign higher weights to underrepresented classes
and lower weights to overrepresented classes, thereby mitigat-
ing the effects of class imbalance and promoting a more bal-
anced training process.

While different emotion classes are imbalanced with re-
spect to each other, partitioning the dataset into expressive
speech (all non-neutral labels) and neutral speech (only neu-
tral label) results in a dataset that suffers significantly less from
imbalance. In our second training design, we leverage this seg-
mentation to balance the training process. In addition to the
weighted cross-entropy (WCE) loss function on emotion labels,
we also utilize a Soft Margin Loss (SML) on neutral and expres-
sive samples. SML is responsible to make intermediate layers
to model different hidden features for neutral and expressive
samples making it easier to further classify the correct emotion
label. SML is defined by the Equation 4.

Wprior = {wJ = fOI‘j S [1, ,E]}
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Furthermore, in our batch sampling process, we employ a
balancing strategy to ensure that each batch contains a balanced
mix of expressive and neutral samples. This approach enables
us to increase the variability in the predictive capacity of our
cross-modal models.

3.2. Stacking: Meta Model

Combining the predictions made by different models is known
as ensemble learning. There are several ways to achieve
this, with majority voting and logit averaging being the most
straightforward approaches. An alternative is the use of stack-
ing [22], which involves training a meta-model on the logits of
different models, leveraging the knowledge extracted by each
one from the dataset to train a model that learns how to ag-
gregate this knowledge and improve the final performance. By
using a meta-model to learn how to weight and combine the
predictions of individual models, we can effectively harness the
strengths of each model and mitigate their weaknesses, result-
ing in a more stable and high-performing ensemble.

We propose the use of a 5-fold Random Forest as a meta-
model, trained on a balanced training partition where the num-
ber of samples for each emotion is defined by the class with the
smallest representation. In this way, our meta-model is respon-
sible for aligning the predictions of each cross-modal model,
leveraging the different emotions equally. This approach allows
the meta-model to effectively combine the strengths of each in-
dividual model, while mitigating the effects of class imbalance
and promoting a more robust and balanced emotion recognition
performance.

4. Experimental setup

4.1. Dataset

The provided challenge data consist of recordings from the
MSP-Podcast dataset [23]. The speaking turns have been per-
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ceptually annotated by at least five raters with categorical and
attribute-based emotional labels. For categorical classifica-
tion there are 8 emotional labels: Anger, contempt, Disgust,
Fear, Happiness, Neutral, Sadness, and Surprise. The distribu-
tion over emotions are imbalanced, ranging from 1.5% (Fear)
to around 40% (Neutral). The provided train and develop-
ment (dev) sets are split with an approximate ratio of 73/27%
(66992/25258 total samples, respectively) with no speaker over-
laps. A balanced set with 3200 samples is used as test set.

4.2. Experiments

Table 1 provides a comprehensive overview of the Self-
Supervised Learning (SSL) models used for each modality in
our experiments. The table includes details on the size of each
SSL model, the dimensionality of the layer used to extract
representations, and the number of hours utilized during pre-
training.

Model |  Modality | Dim | Hours |
Whisper Large V3 Speech 1280 M
Hubert XL Speech 1280 60k
WavLM Large Speech 1024 94k
FACodec (NS3) Paralinguistic 512 60k
Roberta Large Text 1024 -
Deberta XXL V2 Text 1536 -

Table 1: Self-supervised models specifications..

To maintain consistency in training and testing conditions,
we generated audio transcriptions using the Whisper Large V3
model, as the transcriptions were not provided for the test set.
For speech representation, we utilized Whisper encoder, Hu-
bert, and WavLM models, which demonstrated the best per-
formance in our internal experiments. For textual representa-
tion, we employed the Roberta and Deberta models; however,
the combination with Deberta was only used with the Whis-
per speech model, as other combinations did not prove robust
enough.

We leveraged the pre-trained FACodec model from Natu-
ral Speech 3 [24], which comprises factorized codecs for text-
to-speech synthesis (speech, prosody, text, speaker) to incorpo-
rate paralinguistic information. Specifically, we considered two
factors: prosody and speaker. We extracted prosodic represen-
tations from the FACodec model and concatenated them with
speaker representations, resulting in a vector with L frames and
a 512 hidden dim. This allowed us to capture nuanced paralin-
guistic cues, such as tone, pitch, and speaker identity, and inte-
grate them into our model.

All experiments used an initial learning rate of either le-4
or le-5 chosen according to observed effects and adjusted by
a cosine annealing scheduler. Batch size was fixed at 64 and
each training lasted between 20 and 30 epochs. All experiments
were carried out using the PyTorch deep learning library. The
foundational speech models were loaded from HuggingFace’s
Transformers library and NaturalSpeech 3’s FACodec compo-
nent [24, 25] was used as provided in the authors’ official repos-
itory 2. Each model that composes our ensemble was trained
with a single NVIDIA Quadro RTX 8000 (48GB) GPU and
each experiment took around 24 hours for complete training.

’https://github.com/lifeiteng/naturalspeech3_
facodec/tree/main/ns3_codec



Dev BS-Dev Test
Feature combination | Loss function | Balancing | F1 Acc. | BS—F1 BS—FlRange | F1  Acc.
Baseline WCE No - - - - 0.329 0.356
Reproduced Baseline WCE No 0.346  0.520 0.325 [0.290, 0.356] 0.284 0.320
WavLM + Roberta WCE No 0.363  0.498 0.392 [0.366, 0.423] - -
Whisper + Roberta WCE No 0.388 0.524 0.417 [0.392, 0.440] - -
Whisper + Deberta WCE No 0.376  0.527 0.383 [0.364, 0.414] - -
Hubert + Roberta WCE No 0.359 0.493 0.387 [0.356, 0.418] - -
Hubert + Whisper WCE No 0.345 0.499 0.347 [0.327, 0.366] - -
Whisper + Roberta + NS3 WCE No 0.383  0.547 0.374 [0.347,0.391] - -
WavLM + Roberta WCE + SML Yes 0.375 0.505 0.398 [0.364, 0.425] - -
Whisper + Roberta WCE + SML Yes 0.387 0.529 0.410 [0.388, 0.433] - -
Whisper + Deberta WCE + SML Yes 0.388 0.531 0.404 [0.375,0.431] - -
Hubert + Roberta WCE + SML Yes 0.370 0.512 0.382 [0.356, 0.408] - -
Hubert + Whisper WCE + SML Yes 0.351 0.507 0.354 [0.312,0.411] - -
Whisper + Roberta + NS3 | WCE + SML Yes 0.386  0.542 0.391 [0.338, 0.433] - -
Stacking \ - \ Yes \ 0.379  0.498 \ 0.430 [0.404, 0.451] \ 0409 0.413

Table 2: Experimental results for all trained models. Balancing stands for whether we use neutral-expressive batch balancing. In the
case of Stacking model, balancing refers to the balanced training dataset used in it. Bold values are the best results in each column,

while underlined one are the second best.

Stacking model was based on a 5-fold Random Forest
trained on top of a balanced subset of training set. Each Ran-
domForest is defined with 200 estimators, max depth of 8, gini
criterion, and both min samples on leaf and min samples split
equal to 10.

4.3. Evaluation

Macro F'1 score is used as the official metric. However, dev
set still exhibited an imbalance among emotions. To evalu-
ate the model’s performance, we employed a bootstrap resam-
pling technique, where we extracted the F'1 score for 100 bal-
anced subsets of the dev set. We then calculated the mean and
minimum-maximum range of the F'1 values, which we referred
to as the BS — F'1 score and BS — F'1 range, respectively.
This approach allowed us to assess the model’s performance in
a more robust and reliable manner, taking into account the in-
herent class imbalance in the data.

5. Results

A total of 12 models were trained, comprising 10 bimodal mod-
els and 2 trimodal models. Half of these models were trained us-
ing only WCE loss, while the remaining half were trained with
the additional batch balancing and SML loss. Results are com-
pared with a provided WavLM-based baseline [26]. The perfor-
mance metrics, including accuracy, F'1 score, BS-F1 score, and
BS — F1 range, are presented in the Table 2.

Our experimental results demonstrate that the combination
of WCE loss, SML loss and batch balancing is effective in most
cases, with the balanced models achieving higher BS — F'1
scores than their unbalanced counterparts. Notable exceptions
include the Whisper + Roberta combination with WCE, which
also yielded the highest average score witha BS — F'1 of 0.417,
and the Hubert + Roberta model.

We also evaluated two models utilizing different SSL rep-
resentations from the same modality (speech), specifically the
Hubert + Whisper combination. Interestingly, both models ex-
hibited the poorest results in terms of F'1 and BS — F'1 scores
compared to their bimodal counterparts. This highlights the
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importance of modality variability in input features for effec-
tive classification in the proposed architecture. Nevertheless,
both models were considered during the stacking process, as the
meta-model was able to extract marginal improvements from
their inclusion.

Furthermore, our results show that in terms of accuracy, the
best-performing models were the trimodal models, demonstrat-
ing the potential of leveraging paralinguistic features when han-
dling naturalistic speech emotion recognition.

Finally, our stacking approach with the meta-model
achieved a BS — F'1 score of 0.430 on the local bootstrap vali-
dation, which translated to a score of 0.409 on the test set, out-
performing both the reproduced baseline that achieves a test
score of 0.284 and the official baseline 0.329. This demon-
strates the effectiveness of the proposed model in the categor-
ical task of the challenge, highlighting the benefits of combin-
ing multiple models and modalities to improve overall perfor-
mance.

6. Conclusion

Our experiments demonstrate that utilizing SSL representations
from different modalities is an effective approach for speech
emotion recognition in naturalistic conditions. Notably, the pro-
posed architecture benefits from the combination of multiple
modalities, with its worst performance occurring when only a
single modality is used. By mixing one or more modalities,
the architecture achieves the best results in terms of accuracy
or F1 score. The strategies employed to improve the model’s
performance and maintain its robustness in scenarios with im-
balanced classes proved effective. By combining models with
WCE loss, SML loss, and balanced batching with a balanced
stacking model, we obtained results that outperformed the base-
line and remained among the top performers on the challenge
leaderboard.

Future work will involve analyzing the use of data augmen-
tation and exploring the emotion adaptation of SSL models be-
fore applying the proposed cross-modal architecture.
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