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Abstract
Speech Emotion Recognition (SER) is crucial for human-
computer interaction applications. However, SER remains a
challenging task due to limited datasets and ambiguous emo-
tion boundaries. While Self-Supervised Learning (SSL) mod-
els have demonstrated considerable success in speech process-
ing tasks, existing approaches still struggle to distinguish subtle
emotional variations. In this paper, we propose a novel Label
Semantic-driven Contrastive Learning framework (LaSCL) that
integrates emotion label semantic embeddings into speech rep-
resentation learning. Our method uses label embeddings as se-
mantic anchors to explicitly model relationships between emo-
tions and employ a label divergence loss to better establish
clearer emotion boundaries. Experiments on the widely used
IEMOCAP benchmark indicate that LaSCL achieves state-of-
the-art performance compared with previous methods.
Index Terms: Speech emotion recognition, supervised con-
trastive learning, label embedding

1. Introduction
Speech is one of the most direct and convenient means of com-
munication. Speech Emotion Recognition (SER) aims to estab-
lish relationships between speech signals and emotional states,
enabling machines to recognize and interpret human emotions.
As an emerging field within artificial intelligence, SER has at-
tracted considerable research interest for its applications rang-
ing from human-computer interaction, online education, health-
care and information security. However, SER remains a chal-
lenging task due to the limited availability of labeled datasets
compared to other speech-related tasks, which constrains the
ability to train robust and generalizable models.

Recent advances in Self-Supervised Learning (SSL) have
demonstrated promising results in speech processing tasks. SSL
models such as Wav2vec2.0 [1], HuBERT [2] and WavLM [3]
have achieved remarkable performance in Automatic Speech
Recognition (ASR) by learning robust speech representations
from large-scale unlabeled data. As SSL and pre-training tech-
niques continue to evolve, researchers attempt to apply pre-
trained models to SER tasks. Boigne et al. [4] proposed a trans-
fer learning approach that combines acoustic features from the
Wav2vec model and linguistic features from the BERT model
using only a small amount of training data. Pepino et al. [5] ex-
plored the effectiveness of Wav2vec2.0 for SER by proposing
a weighted combination of multi-layer features and evaluating
different pre-training strategies. Chen et al. [6] developed a
fine-tuning strategy that modifies task-specific pre-training to
learn better emotion representations from Wav2vec2.0.

*Corresponding author.

While these studies have demonstrated the effectiveness of
pre-trained SSL models for SER tasks, most of them still strug-
gle with class imbalance issues, which can significantly impact
the model’s performance on minority classes. Moreover, the
inherent complexity and subtlety of emotional expressions of-
ten lead to ambiguous boundaries between emotions, particu-
larly when emotional intensity is low or semantic content is not
clearly expressed. For example, emotions such as happy and
excited are frequently misclassified as neutral [7].

In recent years, Contrastive Learning (CL) [8] has achieved
great success in self-supervised representation learning in var-
ious domains, including computer vision [9, 10], speech [11,
12], and natural language processing (NLP) [13, 14, 15]. Based
on this, Supervised Contrastive Learning (SCL) [16, 17, 18]
has been proposed to extend CL by utilizing label informa-
tion. By leveraging supervised information, SCL brings sam-
ples from the same class (positive pairs) closer, while simul-
taneously pushing apart samples from different classes (nega-
tive pairs) within a batch. To address the problem of SER, re-
searchers have employed SCL to learn robust and generalized
feature representations. Alaparthi et al. [19] proposed SCL on
top of the Wav2vec2.0 transformer with custom augmentations
during the fine-tuning stage. Wang et al. [20] combined cross-
entropy loss with SCL loss during fine-tuning, and employed
the k-nearest neighbors algorithm in the inference stage to re-
fine the model’s predictions.

Despite the promising advantages of these SCL methods,
they still have some limitations. Labels are typically provided in
the form of text. However, they are often treated as simple cat-
egorical indices, neglecting the rich semantic information and
inherent relationships embedded in these labels. Moreover, how
to effectively leverage semantic relationships between emotion
labels becomes particularly crucial when dealing with limited
training data.

In this work, we propose a novel Label Semantic-driven
Contrastive Learning framework (LaSCL) for SER. Inspired by
recent advances in label embedding for NLP tasks [21], our ap-
proach integrates emotion label embeddings into the contrastive
learning process while dynamically aligning acoustic and lin-
guistic knowledge. Specifically, our framework introduces the
following innovations: (1) We use a text encoder to transform
emotion labels into a semantic space and explicitly model re-
lational structures between emotions. These semantic embed-
dings can serve as anchors or positive / negative samples in the
SCL objective and mitigate class imbalance issues. It promotes
intra-class compactness by forming coherent clusters for iden-
tical labels and enhances inter-class separability by maximizing
the distances between representations of different emotions. (2)
We adopt a mixed data augmentation strategy and align speech
representations extracted from pre-trained SSL models with la-
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Figure 1: The architecture of our proposed method LaSCL.

bel embeddings in a unified semantic space. This alignment
bridges the gap between acoustic patterns and emotion seman-
tics, enabling the model to capture emotional relationships more
effectively. (3) We implement a label divergence loss that max-
imizes the separation between label embeddings in the repre-
sentation space. This creates more discriminative boundaries
between different emotions.

To summarize, the main contributions of this work are as
follows:
• We propose a novel label semantic-driven contrastive learn-

ing framework that effectively incorporates emotion label se-
mantic embeddings to establish clearer emotion boundaries,
which is the first framework to explicitly integrate label se-
mantics into contrastive learning for SER.

• We combine SCL loss, cross-entropy loss and label diver-
gence loss during the fine-tuning stage to improve perfor-
mance by learning better feature representations.

• Experiments conducted on the widely used IEMOCAP
dataset demonstrate that our proposed method surpasses
state-of-the-art (SOTA) performance.

2. Method
In this section, we introduce the overall architecture of our pro-
posed method LaSCL. As illustrated in Figure 1, LaSCL con-
sists of two stages: a training stage, which integrates multiple
learning objectives, and an inference stage, which leverages the
learned representations for emotion classification.

2.1. Model Architecture

Audio Encoder To address the challenge of data scarcity
in SER and extract effective speech representations from raw
waveforms, we adopt pre-trained SSL models (e.g. Wav2vec2.0
[1], HuBERT [2] and WavLM [3]) as our audio encoder. Addi-
tionally, we apply data augmentation techniques such as adding
noise, pitch shifting and reverberation to enhance the diversity
of the training data. For a batch of N samples, the augmented
training batch X consists of 2N instances, including both orig-
inal and augmented waveforms. The augmented waveforms in-
herit the same labels as their original counterparts. Then, we
feed the processed input into the pre-trained audio encoder and
obtain the last hidden states of the outputs as follows:

Ha = AudioEncoder(X) (1)

where Ha ∈ R2N×da denotes the speech representations of
dimensionality da. To fully leverage the representation power
of SSL models, the audio encoder is fine-tuned during training.

Text Encoder To effectively encode semantic information
from labels, we employ RoBERTa [22] as our text en-
coder, which has demonstrated superior performance in vari-
ous NLP tasks. Given a set of K-class emotion labels L =
{l1, l2, . . . , lK}, the text encoder extracts semantic features and
generates the corresponding label embeddings as follows:

Ht = TextEncoder(L) (2)

where Ht ∈ RK×dt denotes the text representations of dimen-
sionality dt. To ensure we get stable label representations, the
text encoder is frozen during the training process.

To align the speech and label embeddings in a shared se-
mantic space, we utilize separate projection layers for the two
modalities. Specifically, the audio/text projection layer con-
sists of two learnable multi-layer perceptron (MLP) layers with
GELU activation function in between. The audio and text em-
beddings are mapped into a joint multimodal space of dimen-
sion d as follows:

Za = MLPa(Ha); Zt = MLPt(Ht) (3)

where Za ∈ R2N×d and Zt ∈ RK×d denote the final projected
representations of the audio and text embeddings respectively.
This projection mechanism helps bridge the modality gap be-
tween acoustic and semantic features.

2.2. Training Stage

Supervised Contrastive Learning With audio and text em-
beddings (Za,Zt) mapped into the same semantic space, their
distance can be measured using cosine similarity. Given a batch
of N samples, let Z = {z1, z2, . . . , z2N+K} = Za∪Zt denote
the unified set of projected features from both acoustic embed-
dings and label embeddings. For each anchor, positive pairs are
constructed from samples sharing the same emotion label (in-
cluding both speech samples and their corresponding label em-
beddings), while all other samples are treated as negative pairs.
The SCL loss can be formulated as follows:

LSCL =
∑
i∈I

−1

|P (i)|
∑

p∈P (i)

log
exp (sim(zi, zp)/τ)∑

j∈Z(i) exp (sim(zi, zj)/τ)

(4)
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where i ∈ I = {1, . . . , 2N + K} denotes the index of an
anchor instance, Z(i) denotes all indices except i, and P (i)
represents the set of all positive pairs with the same emotion
label as anchor i. τ is a temperature parameter that scales and
controls the concentration level of the distribution.
Label Divergence Loss To further enhance the discrimina-
tive power of label embeddings and establish clearer decision
boundaries between emotion categories, we introduce a label
divergence loss. This auxiliary objective maximizes the separa-
tion between all pairs of distinct emotion label embeddings, en-
suring a more uniform distribution while increasing inter-class
distances in the semantic space. The label divergence loss is
defined as follows:

p
(i,j)
Label =

exp (ei · ej)∑
ek∈Ei

exp (ei · ek) + 1
(5)

LLabel = −
∑
ei∈E

∑
ej∈Ei

log
(
1− p

(i,j)
Label

)
(6)

where ei represents the embedding of the i-th emotion label,
Ei = {ej | j ̸= i} is the set of all label embeddings except ei.
· denotes the dot product. As shown in Eq. 5, when calculat-
ing similarity scores between dissimilar emotion labels, we add
a constant term of 1 to the denominator to enhance numerical
stability during training.
Cross-Entropy Loss To provide direct supervision for emo-
tion classification and enhance the model’s discriminative abil-
ity, we incorporate the traditional cross-entropy (CE) loss dur-
ing the contrastive learning process. A fully connected (FC)
layer is applied to the speech representations for classification,
minimizing the difference between the predicted probabilities
and ground-truth labels. The CE loss is defined as follows:

Ŷ = softmax (FC (Ha)) (7)

LCE = − 1

2N

2N∑
i=1

K∑
j=1

yij log ŷij (8)

where Ŷ ∈ R2N×K denotes the predicted probability distribu-
tion over K emotion classes, ŷij represents the predicted prob-
ability for class j of sample i, and yij is the ground-truth label.

The overall training objective of the LaSCL combines the
SCL loss, label divergence loss and CE loss as follows:

L = λ1 (LSCL + λ2LLabel) + (1− λ1)LCE (9)

where λ1 and λ2 are trade-off hyperparameters that control the
balance between each loss term. This joint optimization enables
the model to learn discriminative emotion representations while
maintaining the underlying semantic relationships.

2.3. Inference Stage

After fine-tuning, we adopt a similarity-based strategy for emo-
tion recognition. Given a test utterance, we extract its speech
representation using the fine-tuned audio encoder and projec-
tion layer. Instead of using traditional softmax-based classifica-
tion, we utilize the learned semantic relationships by computing
similarities between the speech representation and all emotion
label embeddings. The final prediction is obtained by matching
each speech representation to the nearest label embedding in the
semantic space as follows:

pred = argmax
j

sim (zi, ej) (10)

where zi denotes the representation of the i-th speech sample,
ej represents the emotion label embedding for class j.

3. Experiments
3.1. Dataset
We evaluate our proposed method on IEMOCAP (Interactive
Emotional Dyadic Motion Capture) [23] dataset. IEMOCAP is
the most widely used benchmark for SER. The dataset contains
approximately 12 hours of audio-visual recordings from 10 pro-
fessional actors, organized into dyadic sessions. We adopt the
common practice of merging happy and excited into one emo-
tion class happy, resulting in 5531 utterances with four primary
emotion categories: happy (1636), sad (1084), angry (1103)
and neutral (1708). For pre-processing, we set the max length
of all utterances to 10 seconds due to computational limitations.

3.2. Experimental Setup
In this work, we use pre-trained models from HuggingFace such
as Wav2vec2.0-Base/Large, HuBERT-Base/Large and WavLM-
Base/Large as our audio encoder. Inspired by Wang et al. [24],
we adopt a partial fine-tuning strategy to leverage the learned
low-level acoustic features effectively. Specifically, we froze
the CNN-based feature encoder and only fine-tuned the parame-
ters of the Transformer-based contextualized encoder. All mod-
els are trained on 2×NVIDIA A100 GPUs with a batch size
of 32. The number of training epochs is set to 50. We use
the AdamW optimizer with a CosineAnnealingWarmup learn-
ing rate scheduler, and set the learning rate to 1 × 10−4 for
fine-tuning the pre-trained model and 1 × 10−3 for other com-
ponents. As for the hyperparameters in Eq. 4 and Eq. 9, we ex-
plore the optimal values for τ in {0.05, 0.07, 0.1, 0.15, 0.2}, λ1

in {0, 0.1, 0.3, 0.5, 0.7, 0.9} and λ2 in {0, 0.01, 0.1, 1.0}. We
evaluate the performance of our method using Weighted Accu-
racy (WA) and Unweighted Accuracy (UA) as metrics.

3.3. Results and Analysis
3.3.1. Performance

Following previous works [25, 6, 26, 27, 28, 29], we evaluate
the performance of our proposed method LaSCL on the IEMO-
CAP dataset using 5-fold cross-validation (CV) in the leave-
one-session-out scheme. The results are shown in Table 1. It
can be observed that our proposed method outperforms recent
SOTA approaches utilizing pre-trained SSL models, with im-
provements of up to 2.04% and 2.0% on WA and UA over the
best previous method respectively.

Table 1: Comparison with SOTA SER approaches using pre-
trained SSL models on the IEMOCAP dataset in 5-fold CV.

Approach Year WA(%) UA(%)

Zou et al. [25] 2022 69.80 71.05
Chen et al. [6] 2023 - 74.30
Fang et al. [26] 2023 74.95 74.03
Gao et al. [27] 2023 74.94 76.10
Chen et al. [28] 2024 73.70 74.30
Hu et al. [29] 2024 75.75 76.42

Ours 2025 77.79 78.42

To further evaluate the performance of LaSCL on each
emotional class, we present the confusion matrix and t-SNE
visualization [30] for different fine-tuning methods, as shown
in Fig. 2 and Fig. 3. When fine-tuning the WavLM model
with only CE loss, the model struggles to distinguish between
emotional states and tends to misclassify emotions, especially
between neutral and other categories. In contrast, fine-tuning
with our proposed method demonstrates that LaSCL effectively
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(a) (b)
Figure 2: Comparison of confusion matrices (%) between dif-
ferent fine-tuning methods. (a):Results after fine-tuning WavLM
with CE loss. (b):Results after fine-tuning with LaSCL.

(a) (b)
Figure 3: The t-SNE visualization of speech representations.
(a):Outputs after fine-tuning WavLM with CE loss. (b):Outputs
after fine-tuning with LaSCL.

establishes more distinct decision boundaries between differ-
ent emotions in the representation space, thereby improving the
model’s ability to differentiate subtle emotional variations.

3.3.2. Comparison of Different Data Augmentations

In this section, we conduct extensive experiments compar-
ing eight different augmentation methods in a supervised con-
trastive setting to investigate the impact of data augmentation
strategies on SER tasks. The results are summarized in Ta-
ble 2. It could be found that the mixed augmentation strategy
that combines multiple augmentation methods surpasses all in-
dividual methods and achieves the best overall performance. It
demonstrates the effectiveness of diverse augmentation meth-
ods in improving model performance, particularly within a con-
trastive learning framework. The increased variety in training
samples helps the model learn more robust and generalizable
features by generating more informative positive / negative pairs
during contrastive learning.

Table 2: Performance with different data augmentation strate-
gies in the training stage.

Augmentation Methods WA (%) UA (%)
Polarity Inversion 72.70 73.68

Noise 76.54 77.28
Gain 74.26 75.25

High Low Pass 75.40 75.96
Delay 75.11 76.14

Pitch Shift 74.98 76.23
Reverberation 73.85 74.81

Mixed Augmentations 77.79 78.42

Additionally, the consistent performance across WA and
UA metrics (with differences below 1%) suggests that our
framework can naturally alleviate both data scarcity and class
imbalance issues while improving the model’s classification
ability. By treating label embeddings as anchors or positive
/ negative samples, the framework ensures that each emotion
class is equally represented in the semantic space during the
whole training, regardless of its frequency in the dataset.

Table 3: Performance of our proposed method with different
audio encoders on IEMOCAP.

Audio Encoder Text Encoder WA (%) UA (%)

Wav2vec2.0 Base

RoBERTa Large

68.83 69.64
Wav2vec2.0 Large 72.26 73.28

HuBERT Base 68.26 69.57
HuBERT Large 73.73 74.77
WavLM Base 73.03 74.58
WavLM Large 77.79 78.42

3.3.3. Comparison of Different Audio Encoders
To comprehensively evaluate the effectiveness of different pre-
trained SSL models, we conduct experiments using different
audio encoders within our proposed framework. As shown in
Table 3, when using the pre-trained RoBERTa Large model
as the text encoder, WavLM-based approaches generally ob-
tain superior recognition results under all paradigms. Specifi-
cally, WavLM-Large achieves the best performance, surpassing
Wav2vec2.0 and HuBERT by substantial margins. These results
demonstrate that the choice of pre-trained audio encoder has a
significant impact on the model’s emotion recognition capabil-
ities. Models with advanced architecture and larger parameters
show better performance in speech representation learning.

3.3.4. Ablation Study
To validate the effectiveness of each component in our proposed
framework, we conduct comprehensive ablation studies by re-
moving different components individually. The results shown in
Table 4 demonstrate that each component contributes positively
to the overall performance. First, we remove data augmenta-
tion and observe a significant drop in the performance of nearly
3.3%, indicating the critical role of our mixed augmentations
strategy in learning robust emotional representations, particu-
larly in the context of limited training data. We then remove
the text encoder for label embedding and observe a moderate
decrease. This result demonstrates the effectiveness of incor-
porating emotional semantic information into the SCL frame-
work. Furthermore, we remove the LLabel which encourages
uniform distribution of label embeddings in the representation
space. It can be seen that LLabel helps establish clearer deci-
sion boundaries between emotion categories. The lack of LCE

also demonstrates that the classification objective is essential
for the contrastive learning framework, particularly in optimiz-
ing the fine-tuning process of pre-trained models for SER tasks.
Table 4: Ablation studies of different key components in LaSCL.

Model WA (%) UA (%)

LaSCL 77.79 78.42

w/o Data Augmentation 74.56 75.06
w/o Label Embedding 76.23 76.78
w/o Label Divergence 76.74 77.49
w/o Classification Objective 75.36 75.99

4. Conclusions
In this paper, we presented LaSCL, a novel label semantic-
driven contrastive learning framework for SER, which inte-
grates emotion label embeddings as anchors and explicitly inte-
grates label semantics to guide speech representation learning.
Experimental results on IEMOCAP demonstrate the effective-
ness of LaSCL. In the future, we plan to incorporate prosodic in-
formation into our method and extend this framework to multi-
modal emotion recognition scenarios.
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