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Abstract—Speech Emotion Recognition (SER) often operates
on speech segments detected by a Voice Activity Detection
(VAD) model in a cascade manner. However, VAD models may
output flawed speech segments including noise-only or non-
emotional segments, especially in noisy environments, resulting in
performance degradation in subsequent SER models. To address
this issue, we propose an end-to-end (E2E) method that integrates
VAD and SER using Self-Supervised Learning (SSL) features. By
jointly training both VAD and SER models with SSL features for
a combined loss function, our approach enables the VAD module
to capture emotional speech segments for SER, while making the
SER model robust against the flawed VAD output. Experimental
results on the IEMOCAP dataset demonstrate that our proposed
method improves SER performance without optimizing the VAD
threshold. Furthermore, we analyze our method under various
conditions, such as different loss weights and noise levels.

I. INTRODUCTION

Speech Emotion Recognition (SER) is the task of identifying
and classifying emotional states expressed in spoken language
[1]. It is an essential field within the expansive domain of
affective computing and human-computer interaction, with a
variety of real-world applications, including healthcare [2],
customer service [3], and marketing [4].

Traditional SER methods [5]–[8] begin by extracting low-
level descriptive features, such as prosodic characteristics and
spectral features from speech signals, which are then fed into
machine learning models. With recent advances in deep learn-
ing, especially the Transformer framework [9], a considerable
number of studies [10]–[12] have focused on utilizing pre-
trained self-supervised learning (SSL) models such as wav2vec
2.0 [13], HuBERT [14], and WavLM [15] as feature extractors.
The SER models leveraging these SSL features (SSL-SER)
have shown significantly improved performance in SER and
other downstream tasks through fine-tuning [16]–[18].

In practical applications of SER, it is common practice to
employ a Voice Activity Detection (VAD) model before feed-
ing the audio into a SER model [19]. This pre-processing step
aims to identify the speech segments where the speaker is ac-
tively talking, excluding other parts such as silence and noise-
only segments. Recently, deep learning-based VAD models
[20]–[22] have improved performance compared to traditional
schemes based on statistics of speech [23]–[25]. However,
these VAD models, while trained to distinguish speech from

non-speech, are not optimized for SER performance. They
may produce VAD outputs which are fragmented and lack
emotional features, especially in noisy environments [26],
which results in low SER performance. SER is susceptible to
such flawed VAD outputs because it relies on detecting subtle
variations and nuances in speech, such as tone, pitch, rhythm,
intensity, and speed [27]. Even if speech segments are correctly
identified, some parts may contain rich emotional parts while
others may not, and the latter can lead to a decline in the
accuracy of SER.

A previous study explored the combination of VAD and SER
modules in a cascade manner [28]. However, the VAD and
SER modules were not jointly trained to interact effectively.
The VAD model was trained to distinguish speech from non-
speech, but it was not optimized for capturing the emotional
content crucial for SER. The SER model was also not trained
to handle the fragmented output from the VAD. Additionally,
the VAD threshold was arbitrarily determined and not opti-
mized for SER, despite the additional challenges posed by
finding the optimal VAD threshold.

In this paper, to address these problems, we propose a
method that integrates VAD and SER modules using SSL
features in an end-to-end (E2E) manner. SSL features are first
input into the VAD module, and then the segmented SSL
features are fed into the SER module. Both modules are jointly
trained to optimize the combined VAD and SER loss. This
approach allows the VAD module to be trained to include
more emotional speech segments that are important for SER,
while the SER module is trained to be robust against flawed
segments from the VAD module. Furthermore, the end-to-
end method optimizes the entire system, including both VAD
and SER. This allows the system to implicitly and internally
establish an optimal VAD output distribution under a fixed
VAD threshold, eliminating the need to manually explore the
best VAD threshold for SER. As our experimental results
demonstrate, the proposed method improves SER performance
on the IEMOCAP dataset.

II. PROPOSED APPROACH

The overall architecture of the proposed approach is shown
in Figure 1, which consists of the SSL, VAD, and SER mod-
ules. It is worth noting that the choice of network architecture
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Fig. 1: Overview of the proposed end-to-end approach com-
posed of SSL, VAD, and SER modules.

for each module is not restricted to any specific one.

A. SSL module

In this study, we employ SSL models as common feature
extractors for both the following VAD and SER modules, due
to their well-known generalizability and accessibility across
various speech processing tasks [18]. We denote the feature
extraction process of the SSL module as follows:

F = SSL(X; θssl, θfeat), (1)

where X is an input utterance, F is the SSL features, and
θssl and θfeat represent the parameters of the SSL encoder and
the Featurizer, respectively. Given an input waveform, the SSL
encoder, consisting of a Convolutional Neural Network (CNN)
block and 12 Transformer encoder blocks, extracts a frame
sequence of 768-dimensional speech features with a frame shift
of 20ms.

Research [15], [18], [29] has shown that intermediate rep-
resentations of such foundation models contain information
useful for different tasks. Therefore, the Featurizer computes
the weighted-sum of embeddings from the 13 hidden states of
the SSL encoder.

B. VAD module

While conventional VAD methods [20], [21] often use spec-
trogram features such as log Mel-Filterbanks (Fbank) and Mel-
Frequency Cepstral Coefficients (MFCC), very recent work
[30] has shown that a VAD architecture based on wav2vec
2.0 outperforms previous works [21], [31]. In this study, we
employ the VAD module using SSL features (SSL-VAD) and
investigate the use of not only wav2vec 2.0 but also HuBERT
and WavLM for our end-to-end approach. If we denote the
VAD outputs indicating speech/non-speech as S, the SSL
features as F, and the segmented SSL features as F′, we can
write the process of the VAD module:

S = VAD(F; θvad), (2)
F′ = F⊙ S (3)

where θvad represents the parameters of the VAD module and
⊙ is the Hadamard product operator.

The VAD module comprises four 1D convolutional layers
with a hidden dimension of 256 and leaky ReLU activation,
followed by a fully connected (FC) layer with softmax acti-
vation. It assigns a label of 1 or 0 to each 20ms frame from
the SSL module using a fixed VAD threshold of 0.5. We do
not optimize the VAD threshold in our end-to-end method, as
the training process implicitly and internally forms an optimal
VAD output distribution based on the fixed threshold. The
segmented SSL features are obtained by applying a Hadamard
product between the SSL features and the binary outputs of
the VAD process.

C. SER module

We use the segmented SSL features from the VAD module
as input for the SER module. The SER process can be written
as:

Ŷ = SER(F′; θser), (4)

where Ŷ is a predicted emotion label and θser represents
the parameters of the SER module. Given the segmented
768-dimensional SSL features, the SER module first applies
dimensionality reduction from 768 to 256, followed by average
pooling. The representations are then processed through three
1D convolution layers and a FC layer with ReLU activation. A
subsequent self-attention pooling layer [32] aggregates features
along the time axis, which are then fed into a FC layer with
ReLU activation and a FC layer with softmax activation for
emotion classification. If the VAD module is not included in
the pipeline, the above process is applied to the raw SSL
features F instead of the segmented SSL features F′.

D. End-to-end training

In this study, we propose an end-to-end approach that jointly
optimizes the VAD and SER modules for both a combined
VAD and SER loss using the SSL features. Our entire end-to-
end approach is described as follows:

(5)Ŷ = SER(SSL(X; θssl, θfeat)

⊙ VAD(SSL(X; θssl, θfeat); θvad); θser),

To enable effective feedback between the VAD and SER mod-
ules from the start of end-to-end training, we initialize each
parameter as follows. θ̂ssl is initialized using publicly available
pre-trained models, while θ̂feat, θ̂vad, and θ̂ser are initialized
through pre-training on their respective tasks, namely SSL-
VAD and SSL-SER. In our experiments, θ̂ssl is kept frozen
to reduce computational costs. Subsequently, θfeat, θvad, and
θser are fine-tuned jointly using the combined loss function
for VAD and SER to achieve better performance, as described
below:

(6)minL = αLVAD + (1− α)LSER,

where α is a manually set loss weight.
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TABLE I: SER performance (%UA, %WA) for the baselines (Conditions 1 and 2) and proposed approaches (Conditions 3-6)
on extended utterances under noisy environments.

wav2vec 2.0 HuBERT WavLM+

ID Condition Init Param. Update Param. UA WA UA WA UA WA

1 SSL-SER θ̂ssl, θ̂feat, θ̂ser 46.0 49.9 42.6 47.4 43.8 48.2
2 MarbleNet-SSL-SER θ̂ssl, θ̂feat, θ̂ser 40.3 39.6 43.4 48.0 42.8 42.1

3 SSL-VAD-SER θ̂ssl, θ̂feat, θ̂vad, θ̂ser 49.6 48.3 46.4 50.8 45.8 43.9
4 E2E SSL-FT.VAD-SER θ̂ssl, θ̂feat, θ̂vad, θ̂ser θfeat, θvad 49.7 48.0 47.9 51.0 46.7 44.1
5 E2E SSL-VAD-FT.SER θ̂ssl, θ̂feat, θ̂vad, θ̂ser θfeat, θser 50.2 53.1 49.4 52.6 49.5 53.5
6 E2E SSL-FT.VAD-FT.SER θ̂ssl, θ̂feat, θ̂vad, θ̂ser θfeat, θvad, θser 50.6 53.7 52.2 54.9 51.6 55.2

III. EXPERIMENTAL SETUP

A. Model configurations

We used pre-trained SSL models including wav2vec 2.0
BASE1, HuBERT BASE2, and WavLM BASE+3, which are
publicly available. For simplicity, the term “BASE” will be
omitted hereafter. Each model has approximately 95 million
parameters. Wav2vec 2.0 and HuBERT were trained with
the concatenation of the train-clean-100, train-clean-360, and
train-other-500 subsets from the LibriSpeech dataset [33].
WavLM+ was trained with the Libri-Light [34], GigaSpeech
[35], and VoxPopuli datasets [36]. Based on these SSL models,
the SSL-VAD and SSL-SER were pre-trained and initialized
using the Adam optimizer [37] with a fixed learning rate of
1×10−4 and a batch size of 8, without data augmentation, for
at most 10 epochs. In the proposed approach, the VAD and
SER modules were fine-tuned using the combined loss with
the same optimizer algorithm and learning rate, for at most 8
epochs. We used α = 0.2 for loss weight, which we observed
resulted in the best SER performance, as shown in Section
IV-B.

For the VAD component of a baseline, we implemented
MarbleNet [20], which is one of the commonly used deep
learning-based VAD models, as a pre-processing VAD step
for SSL-SER. MarbleNet utilized MFCC features with 64
mel-filter bank dimensions, a 25ms window size and 10ms
overlap. MarbleNet and the SSL-SER were individually trained
and the segmented speeches detected by MarbleNet were fed
into the SSL-SER. In general, the optimal VAD threshold
depends on the dataset and noise environment [24]. Therefore,
we optimized the thresholds for both the MarbleNet-SSL-SER
and the SSL-VAD-SER to compare with the proposed end-to-
end method. Each VAD threshold was searched to achieve the
best SER performance using a step size of 0.1 from 0 to 1,
and the thresholds used in the experiments are summarized in
Table II.

1https://huggingface.co/facebook/wav2vec2-base-960h
2https://huggingface.co/facebook/hubert-base-ls960
3https://huggingface.co/microsoft/wavlm-base-plus

TABLE II: VAD threshold parameters.

wav2vec 2.0 HuBERT WavLM+

MarbleNet-SSL-SER 0.3 0.4 0.4
SSL-VAD-SER 0.3 0.2 0.2

B. Dataset

We used the IEMOCAP dataset [38], which contains ap-
proximately 12 hours of English speech including 5 dyadic
conversational sessions between two actors. There are in total
151 dialogues, including 10,039 utterances. To simulate noisy
environment, we additively contaminated the utterances with
environmental noise, randomly selected from the 37 recordings
annotated as background noise in the MUSAN corpus [39]
at Signal-to-Noise Ratio (SNR) levels of {10, 5, 0,−5,−10}
dB for training and evaluation. The IEMOCAP provides the
timestamps for each utterance in a dialogue, as well as word-
level alignments for each utterance. The utterances contain
silence at the beginning, between words, and at the end. The
VAD module was trained based on these speech/non-speech
alignments, with 40% of the segments being non-speech. For
SER, we merged emotion class “excited” with “happy” and
used audio annotated with one of four labels, which are happy,
sad, neutral, and angry.

In the evaluation of each utterance, to simulate a real-world
scenario that includes non-speech segments at the beginning
and the end, and to evaluate the entire system which includes
both VAD and SER, we used timestamps spanning from
the end of the previous utterance to the start of the next
utterance. These extended utterances averaged 11.7 s, while
the original utterances averaged 4.5 s. Speaker exclusive leave-
one-session-out five-fold cross validation (CV) is performed
and the average performance is reported. Additionally, we
made sure that utterances from the same dialogue were entirely
in the training set or entirely in the validation set.

IV. RESULTS AND ANALYSIS

In this section, we present the evaluation results and analysis
on the IEMOCAP dataset. We computed Unweighted Accu-
racy (UA) and Weighted Accuracy (WA) on the test sets, as
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shown in Table I. UA is the average recall across all categories
and WA is the total number of correct predictions divided by
the total number of samples.

A. Main Results

Conditions 1 and 2 serve as baselines, while Conditions
3-6 represent our proposed approaches with different fine-
tuning strategies. The results of Condition 1 show much lower
accuracy compared to previous studies [10], [14], [15]. Note
that this is because our evaluation was conducted on extended
utterances including non-speech parts at the beginning and
the end under noisy environments, whereas previous stud-
ies were conducted on non-extended utterances under clean
environments. The results of Condition 2 show that while
SER performance with HuBERT was improved a little, the
performance with wav2vec2 and WavLM+ was degraded when
MarbleNet was used, compared to Condition 1. This indicates
that individually combining a VAD model with the SSL-
SER cannot always lead to significant improvement in SER
performance, especially in noisy environments.

In Conditions 3-6, we explored four different fine-tuning
strategies for our approach. In Condition 3, which combines
individually pre-trained SSL-VAD and SSL-SER without fine-
tuning, the performance improved across all SSL models com-
pared to Condition 2, indicating the effectiveness of employing
SSL-VAD for SER. In Condition 4, θfeat and θvad were fine-
tuned with the other parameters frozen. The performance
of Condition 4, on most SSL models, shows improvement
compared to Condition 3. This suggests that a VAD module op-
timized solely for speech/non-speech detection may not always
be optimal for SER, highlighting the importance of VAD’s role
in SER. In Condition 5, θfeat and θser were fine-tuned, with
the other parameters frozen. Condition 5 also improved SER
performance compared to Condition 3 for any SSL model.
This indicates the importance of fine-tuning on segmented
SSL features F′, rather than fine-tuning on unsegmented SSL
features F. In Condition 6, θfeat, θvad, and θser were fine-
tuned, while θ̂ssl remained frozen. We observe that Condition
6 further improved SER performance on all the SSL models.
This indicates that our end-to-end approach successfully fine-
tuned the VAD and SER modules jointly for improved SER
performance, without requiring any optimization of the VAD
threshold. For example, comparing Condition 2 and 6 on
WavLM+, the UA increased from 43.8% to 51.6% and the
WA increased from 48.2% to 55.2%.

B. Impact of different loss weights

Table III presents the WA and UA scores obtained using
different loss weights for VAD and SER during end-to-end
training in Condition 6 with WavLM+. We explored loss
weights ranging from 0 to 1, with increments of 0.2. The
results show that the SER performance was highest when
α = 0.2, outperforming cases where α = 0 or α = 1. This
suggests that the SER task plays a more significant role, while
the VAD task also supports the training process by providing
complementary benefits.

TABLE III: SER performance (%UA, %WA) with different
loss weights in Confition 6 with WavLM+.

α 0 0.2 0.4 0.6 0.8 1

UA 50.5 51.6 51.3 50.3 49.4 39.4
WA 54.0 55.2 54.6 54.2 53.1 40.0

C. Performance across different SNR levels

The SER performance under different SNR conditions is
shown in Table IV. The results show that SSL-VAD-SER
consistently outperforms SSL-SER by incorporating VAD
across all SNR levels. Furthermore, our proposed end-to-end
approach in Condition 6 achieved the highest performance
across all SNR levels. The improvement was more significant
at higher SNR levels, compared to noisy ones. This suggests
that the VAD module in our proposed method is more effective
at detecting emotional segments at higher SNR levels, while
still minimizing the impact of noise-only segments in more
noisy environments.

TABLE IV: UA with WavLM+ using extended utterances at
different SNR levels.

10dB 5dB 0dB -5dB -10dB

SSL-SER 47.9 46.0 43.6 41.6 39.5
SSL-VAD-SER 48.8 46.7 44.2 42.1 39.8
E2E SSL-FT.VAD-FT.SER 57.0 54.2 49.9 46.6 43.6

D. Effect of probabilistic vs. binary VAD outputs

We also compared the use of probabilistic VAD outputs
(without a threshold) and binary VAD outputs (with a fixed
threshold) in Condition 6. The results in Table V show that
binary VAD outputs achieve higher accuracy than probabilistic
VAD outputs for all SSL models. We infer that binary output
clearly segments frames, reduces the impact of noise-only and
non-emotional segments, and improves performance compared
to probabilistic outputs.

TABLE V: SER performance (%UA, %WA) with probabilistic
vs. binary VAD outputs in Condition 6.

wav2vec 2.0 HuBERT WavLM+

UA WA UA WA UA WA

probabilistic 36.3 39.1 44.3 47.7 48.0 52.1
binary 50.6 53.7 52.2 54.9 51.6 55.2

E. Analysis of weights of the Featurizer

We investigated the weights of the Featurizer in SSL-VAD,
SSL-SER, and E2E SSL-FT.VAD-FT.SER, which were trained
for VAD, SER, and both VAD and SER, respectively. Figure
2 shows the weights of different layers of the Featurizer on
HuBERT. The results indicate that Layers 0-4 are effective for
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VAD, while Layers 8-10 are more relevant for SER, consistent
with previous findings [15], [18], [40]. We observe that the
Featurizer in our end-to-end method successfully emphasizes
the features of Layers 8 and 9 for SER, as well as of Layers 0-4
for VAD, enabling the VAD module to take emotional features
into account.

Fig. 2: Visualization of the Featurizer weights on HuBERT.
The y-axis represents the weights of each Featurizer for SSL-
VAD (top), SSL-SER (middle), and E2E SSL-FT.VAD-FT.SER
(bottom), while the x-axis represents different layers. Layer 0
corresponds to the input of the first Transformer layer.

F. Initialization with random vs. pretrained parameters

One limitation of our proposed method is the requirement
for pretraining, requiring additional effort to prepare the indi-
vidual VAD and SER modules. As illustrated in Figure 3, the
training curves indicate that starting from random initialization
fails to converge to an optimal point. We assume that VAD and
SER are interdependent tasks and it takes more time to learn
these relationships when starting from random parameters.

0.8
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1 2 3 4 5 6 7 8 9
0.2

0.3
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Ac
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Fig. 3: Accuracies during fine-tuining Condition 6 from ran-
dom or pretrained parameters on the development set.

V. CONCLUSIONS

In this study, we presented a method that integrates VAD
and SER modules using SSL features in an end-to-end manner.
Our approach allowed the VAD module to capture emotional
speech segments for SER, while making the SER module
robust against flawed segments from the VAD module. The
experimental results on the IEMOCAP dataset showed that
our proposed method improved SER performance. Future work
includes evaluation of our proposed approach on other datasets.
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