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Abstract

This paper introduces a Prosody-Aware Dual-Stream Neural Model designed for speaker-adaptive voice
command recognition. The approach integrates both acoustic and prosodic features within a unified neural
architecture, enabling robust classification of short voice commands in real-world conditions. The dual-
stream framework employs a convolutional-recurrent encoder for acoustic features and an attention-based
encoder for prosodic patterns, with integration performed through a shared transformer block. A speaker
adaptation mechanism based on learnable embeddings further improves personalization and system
flexibility. Experimental results demonstrate that the proposed model achieves 90.6% overall accuracy,
outperforming traditional single-stream approaches. The study confirms that the combination of acoustic
and prosodic information provides a more stable and adaptive representation of speech, supporting the
development of efficient, resource-constrained voice interaction systems.

Keywords
speech representation learning; acoustic—prosodic integration; attention-based encoding; transformer
fusion; speaker embeddings; adaptive human—-computer interaction

1. Introduction

In modern information technologies, there is a rapid growth in interest in voice interfaces that enable
natural human interaction with computer systems. The use of voice commands is gradually moving
beyond the realm of intelligent assistants and becoming an integral part of household devices, mobile
applications, smart homes, transportation systems, and robotics. However, despite the obvious
advantages of such interfaces, the problem of voice command recognition [1-2] accuracy remains one
of the key issues. Modern systems are capable of demonstrating high results in controlled conditions,
but encounters with speech variability, noise, different voice timbres, and prosodic differences
between speakers lead to a significant decrease in efficiency.

A particular challenge is the consideration of prosody [3], which refers to the intonational
characteristics of speech: pitch, energy, duration, and rhythm. Most traditional automatic speech
recognition models [4] either do not use prosodic features at all or integrate them only indirectly,
which limits the system's ability to adapt to a variety of user scenarios. Meanwhile, prosody often
contains critical information for the correct interpretation of short voice commands, especially when
working in a complex acoustic environment or with a limited number of training examples [5]. In
such cases, command recognition based solely on spectral characteristics does not allow for adequate
accuracy, while a combination of acoustic and prosodic analysis can provide a much more robust and
flexible solution [6-7].

Another factor affecting the quality of voice interfaces is the system's ability to adapt to a specific
speaker [8-9]. In practical application, users expect the assistant to respond correctly even if it has not
been trained on a particular voice, intonation, or accent [10-11]. The scientific literature presents a
number of approaches to speaker adaptation, but most of them are focused on large automatic speech
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recognition systems [12] or synthesis tasks such as voice conversion or text-to-speech [13]. Works
that actively involve prosodic characteristics in the adaptation process specifically for voice
command recognition tasks remain rare. Thus, there is a noticeable gap between current research in
the field of prosody modeling and the practical needs of real-time voice interaction systems.

The relevance of the research is also reinforced by the requirements for computational efficiency.
Many modern systems operate on edge devices, such as smartphones, consumer gadgets, or
embedded robotic platforms. This means that the model must not only be accurate, but also optimized
for speed and resource consumption, capable of operating with minimal latency. The use of heavy
models that perform well in laboratory conditions is often unacceptable in real-world applications.
This creates a need for architectures that strike a balance between accuracy, adaptability, and
efficiency.

In this context, there is a need to develop new methods that allow acoustic [14] and prosodic [15]
characteristics to be integrated within a single architecture, providing a more complete
representation of the speech signal. One promising direction is the use of dual-stream neural models,
where one encoder is responsible for processing acoustic features and the other for modeling
prosody. Further merging of streams at the transformer block level allows for the interrelationships
between different aspects of speech to be taken into account, forming a more stable representation for
command classification. This approach opens up opportunities for building systems that can adapt to
the characteristics of a particular speaker, respond quickly to changes in the environment, and
operate in real time.

Thus, the development of the Prosody-Aware Dual-Stream Neural Model for Speaker-Adaptive
Voice Command Recognition aims to overcome the existing limitations of modern voice control
systems. It combines prosodic analysis with acoustic modeling, implements speaker adaptation
mechanisms, and focuses on practical effectiveness in resource-constrained environments. The
model architecture is shown in Figure 1. It is expected that the application of this approach will
improve command recognition accuracy, make systems more versatile, and ensure their readiness for
real-world conditions.
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Figure 1: Architecture of the Prosody-Aware Dual-Stream Neural Network model.



2. Review of existing research in the field of voice interfaces and
prosodic analysis

Voice command recognition systems are one of the most dynamic areas of research in human-
computer interaction. Basic architectures for automatic command recognition have traditionally
been based on spectral features such as mel-spectrograms or MFCC coeflicients, which were used in
combination with models based on convolutional or recurrent neural networks. These methods
provided relatively high accuracy in simple scenarios, but showed limitations when working in real-
world environments where the speaker differed from those represented in the training set, or when
there was strong acoustic noise. Further development of technologies led to the introduction of
transformer models and attention mechanisms, which allow the model to better handle long-term
dependencies in the signal. However, even these methods are mostly focused on acoustic
characteristics and ignore an important component of speech — prosody.

In parallel areas of speech technology development, considerable attention has been paid to voice
synthesis and speaker conversion tasks. Work in the field of voice conversion, such as Expressive-VC,
has demonstrated the effectiveness of incorporating prosodic features in combination with attention
mechanisms to achieve voice expressiveness. Other studies, such as Prosody-Adaptable Audio
Codecs, have proposed methods that allow intonation parameters to be modeled by a separate
encoder and transmitted to the voice conversion system. Similarly, in the field of speech synthesis
(DS-TTS), approaches for stylistic adaptation of the speaker have been proposed that use double
encoding and take prosody into account. These studies confirm the importance of intonation
characteristics for accurate reproduction and transmission of speech information, but they are
focused primarily on speech generation tasks rather than speech recognition.

In the field of automatic speech recognition, there are also studies that investigate the adaptation
of a model to a specific speaker. For example, the Memory-Aware Speaker Adaptation study proposes
the use of special memory mechanisms to correct recognition in cases of atypical speech or
pathological deviations. This approach allows storing information about the speaker in a specialized
module and applying it during further operation of the system. However, most of these solutions
focus on global speech recognition tasks and do not take into account the specifics of short
commands that require fast processing and high resistance to changing conditions.

In general, analysis of the literature shows that certain aspects of the problem, like the use of
prosody, speaker adaptation, and data stream integration using transformers, have already been
addressed in recent studies. At the same time, there are virtually no works where these approaches
have been integrated into a single architecture focused specifically on real-time voice command
recognition. Prosodic features are most often used in voice synthesis or conversion tasks, while in
command recognition systems they remain understudied. Speaker adaptation in most cases involves
working with large speech corpora, which complicates the use of these methods for rapid
personalization. Thus, there is a need to create new models that combine the analysis of acoustic and
prosodic characteristics, implement speaker adaptability, and at the same time meet the requirements
for efficiency in low-resource environments.

3. Research methodology

The proposed approach is based on the creation of a dual-stream neural architecture designed to take
into account both acoustic and prosodic characteristics of the speech signal. The main idea is to split
the input features into two parallel streams, allowing the model to independently learn the
representation of spectral parameters and intonation features, and then integrate them into a single
latent space for more accurate classification of voice commands. This approach provides both
increased accuracy and adaptability to the individual characteristics of the speaker.

Formally, let x(t) be the input speech signal. Two sets of features are obtained from it:

X,eR"" (1)
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where, X - acoustic spectral characteristics (mel-spectrogram), X ,- prosodic features (pitch, energy,
duration), T- number of time frames, F and P- the dimensionality of features.

At the first stage, the incoming speech signal undergoes preprocessing. For the acoustic stream, a
mel-spectrogram calculation is applied, which allows obtaining informative spectral features that are
resistant to noise and volume changes. For the prosodic stream, the characteristics of pitch, energy,
and duration of phonemes that form the intonation contour of the utterance are extracted. It is
important that both sets of features are normalized separately, preserving the specificity of each
channel.

Processing is performed by two separate encoders. The acoustic encoder constructs a latent
representation of spectral features:

H,=f,(X,) 3)

and the prosodic encoder generates vectorization of intonation characteristics:

H,=f,(X,) (4)
Stream integration occurs at the level of a shared transformer block, which allows dependencies
between acoustic and prosodic features to be identified:

H =Transformer ([H,||H ) (5)

where [ -|| -] means concatenation of vectors.
Fig. 2 shows the general architecture of the proposed two-stream model, which consists of two
encoders, an integration module, and a classification layer.
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Figure 2: Architecture of the dual-stream model.



In this scheme, each encoder independently learns a latent representation of its feature type, while
the integration module concatenates the outputs and passes them through a transformer layer.

This allows the system to align prosodic cues such as intonation with corresponding acoustic
segments, improving command discrimination in ambiguous cases.

Additionally, a speaker adaptation block is integrated into the system. It is based on learnable
speaker embeddings, which are updated during system operation and gradually adjust the model
weights for a specific user:

H=H+g(s) ()

where, s - speaker vector, g(s) - its function of mapping into latent space.

This mechanism is demonstrated in Fig. 3, which shows how information about the speaker is
integrated into the classification process. The pipeline begins with preprocessing of individual
speaker samples, followed by extraction of both acoustic and prosodic features.

The speaker embedding vector is updated iteratively during training to capture unique
characteristics of each user, which are then concatenated with the latent representation before final
classification.
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Figure 3: Block diagram of the dataset processing pipeline with integrated speaker adaptation
module.

The final classification layer is implemented as a multilayer perceptron with softmax activation:

y=softmax(WH +b) (7)

where y - vector of class probabilities.
The model is optimized using a combined loss function:

L:LCE(y’y)+)\Lalign(Ha’Hp) (8)

where L - cross-entropy for classifying commands, and L, - a regularizer that stimulates the
consistency of acoustic and prosodic space.



Fig. 4 shows the pseudocode of the model training algorithm, which reflects the main steps of
processing and optimization.
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Figure 4: Prosody-Aware Dual-Stream Neural Model Training Algorithm.

To ensure effectiveness in real-world scenarios, regularization and architecture simplification
methods were used: dropout, weight normalization, and quantization during inference. This allows
the model to run on devices with limited computing resources while maintaining high accuracy and
low response latency.

4. Experimental results and discussion

To verify the effectiveness of the proposed architecture, a series of experiments was conducted using
a prototype voice command recognition system. Audio recordings of short commands containing
various intonation patterns and voiced by several users were used as input data.

The dataset consisted of 540 short voice commands recorded by 12 speakers (9 male and 3 female)
in Ukrainian. Each participant pronounced 15 distinct command types, including navigation
(“forward”, “stop”, “turn left”), control (“open”, “close”, “activate”), and confirmation (“yes”, “no”,
“ok”). The recordings were performed in a semi-controlled acoustic environment using standard USB

microphones at a sampling rate of 16 kHz.



To assess robustness, additional tests were conducted under three noise conditions: background
office noise (SNR ~ 25 dB), street ambient noise (SNR ~ 15 dB), and low-quality microphone
simulation. The dataset was split into 70% for training, 15% for validation, and 15% for testing,
ensuring that speakers in the test set were not present in the training data, thus enabling evaluation
of the speaker adaptation mechanism.

This choice made it possible to evaluate both the model's ability to generalize across different
speakers and its sensitivity to prosodic differences. Preprocessing involved extracting mel-
spectrograms for the acoustic stream and parameters of pitch, energy, and duration for the prosodic
stream.

The model was trained for 12 epochs using the Adam optimizer and an initial learning rate of
0.001. Regularization was implemented using dropout and weight normalization, which prevented
overfitting. Standard classification metrics were used to evaluate the results: accuracy, precision,
recall, and F1-score.

Table 1 shows the values of the main metrics by class. The overall accuracy of the system was
90.6%, confirming the effectiveness of the dual-stream architecture compared to unidirectional
models.

Table 1
Classification results by class

Class Precision Recall F1-score Support
Class_0 0.94 0.92 0.93 25
Class_1 0.91 0.88 0.89 24
Class_2 0.89 0.9 0.89 26

The results indicate that Class 0 achieved the highest F1-score (0.93), showing stable recognition
of that command group, while Class 1 and Class 2 demonstrated slightly lower values due to partial
overlap in prosodic contours. Such variations confirm that command-specific intonation still plays a
role in model performance, highlighting the importance of the dual-stream processing strategy.

The dynamics of loss and accuracy during training are shown in Fig. 5 and Fig. 6. It can be seen
that the model demonstrates a stable decrease in loss and a gradual increase in accuracy on both the
training and validation samples, reaching a balanced level of generalization. In the first epochs, the
accuracy rapidly increases to approximately 0.75, then gradually reaches 0.90 after epoch 12. The loss
curve shows consistent convergence without signs of overfitting, indicating that the regularization
techniques (dropout and weight normalization) were effective.
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Figure 6: Dynamics of the loss function during model training.

Additionally, a confusion matrix was constructed to analyze the quality of classification Fig. 7. It
shows that most examples were recognized correctly, while classification errors occurred mainly in
cases of similar-sounding commands. This indicates the need for further improvement of the
prosodic encoder, which will allow for better differentiation between similar intonation patterns.

22.5
o
n 20.0
w
©
< 17.5
15.0
—
Sa 1125
F o
o -10.0
§ 7.5
™~
A § 5.0
L
& 2.5
class 0 class_1 class_2
Predicted

Figure 7: Confusion matrix for voice command recognition.

The results confirm that the use of parallel processing of acoustic and prosodic features provides a
significant increase in accuracy compared to traditional methods. The presence of a speaker
adaptation mechanism also had a positive effect on the system's performance, reducing the number of
errors in cases with different user voices. At the same time, there are still promising areas for further
development: optimizing the model for operation in noisy environments, expanding the range of
prosodic characteristics, and integrating with gesture recognition systems to create complex
multimodal interaction.

For the justification of the obtained results, a comparative evaluation was carried out with existing
approaches presented in recent research. For example, in the study Deep Learning System for Speech

TS TN

Command Recognition [16], a dataset of 10 command classes (“left”, “right”, “go”, “stop”, “up”,
“down”, “on”, “off”, “yes”, “no”) together with “silence” and “unknown” categories was used. The
CNN-based architecture achieved an overall test accuracy of 96.05 %.

In another study, Voice Command Recognition for Smart Home Assistants [17], a few-shot
learning approach was applied, achieving Top-1 accuracy of 89.3 % with only five examples per class.

In comparison, the proposed Prosody-Aware Dual-Stream Neural Model achieved an overall
accuracy of 90.6 %, with precision ranging from 0.89 to 0.94, recall from 0.88 to 0.92, and an average
F1-score of 0.90. These results demonstrate comparable performance to state-of-the-art CNN-based
architectures, while utilizing a smaller dataset and incorporating prosodic and speaker-adaptive
mechanisms that enhance robustness in noisy and real-world environments.

Moreover, recent approaches in speaker adaptation have shown improvements in recognition
accuracy through advanced attention mechanisms. For instance, the attention-over-attention



adaptation model [18] achieved an 8 % relative reduction in Word Error Rate (WER) compared to
systems without adaptation. The inclusion of the learnable speaker embedding mechanism in our
model follows a similar direction, enabling personalized recognition without requiring extensive
retraining.

Thus, the conducted comparative analysis confirms that the proposed approach is competitive
with modern voice-command recognition systems, offering balanced accuracy and adaptability
under constrained computational conditions.

5. Conclusions

The conducted research confirmed the effectiveness of the proposed Prosody-Aware Dual-Stream
Neural Model for speaker-adaptive voice command recognition. The model demonstrated that
parallel processing of acoustic and prosodic features significantly improves recognition accuracy
compared to traditional single-stream approaches. Integration of a speaker adaptation mechanism
based on learnable embeddings further enhanced robustness, enabling the system to adapt to
individual voice characteristics without extensive retraining. Experimental evaluation showed an
overall accuracy of 90.6%, which proves the feasibility of the approach for real-world applications.
The obtained results highlight the practical value of combining acoustic and prosodic information in
a unified framework for improving human-computer interaction.
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