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Abstract—Although Large language models (LLMs) are well-
known due to their superior capacity for text generation and
logical inference, they are found to be inaccurate in domain-
specific question-answering tasks. The powerful generator still
tends to generate content even when the LLM does not have
sufficient knowledge at all, which is known as the hallucina-
tion problem. We find there is a research void in applying
LLMs in the vocal training industry, which requires intensive
expert knowledge in any chatbot or intelligent tutor services.
This paper details employing Retrieval-Augmented Generation
(RAG) technology to develop a domain-specific language model,
addressing inherent challenges such as hallucination, where
large models generate plausible but inaccurate content, and
lack of domain specificity. By segmenting the knowledge base
and establishing semantic similarities between user queries and
knowledge data, the project lays a solid foundation for integrating
RAG, significantly improving response accuracy and contextual
relevance. The report highlights the successful implementation
of RAG, enhancing system intelligence and personalization for
user-specific needs, discusses challenges and solutions during the
implementation process, and outlines future directions to expand
RAG capabilities and improve user experiences.

I. INTRODUCTION

In recent years, Generative language models (LMs) [1]-[3]
have become a foundational component in natural language
processing (NLP) systems with their remarkable abilities. The
development of large language models (LLMs) has revolution-
ized the field of artificial intelligence, enabling unprecedented
advancements in natural language understanding and gener-
ation. Despite their impressive capabilities, large language
models often encounter significant limitations when applied
to specialized domains, where deep, nuanced understanding
and factual accuracy are paramount. These challenges stem
primarily from two interrelated issues: inadequate domain-
specific knowledge and the propensity for “hallucination”.

LLMs are typically trained on diverse datasets sourced
from general domains. This broad training makes them ver-
satile in handling a wide range of topics. However, when
it comes to specialized fields, such as medical diagnostics,
legal reasoning, or intricate technical domains, the models
may lack the detailed, expert-level knowledge required. The
specificity and depth of expertise necessary in these fields
are often underrepresented in the training data, leading to
responses that, while plausible, may not meet expert standards

or contain necessary details. Hallucination in the context of
LLMs refers to the generation of information that is factually
incorrect or not grounded in the input data. This tendency
is particularly problematic in specialized domains where ac-
curacy is critical. For example, in legal or medical settings,
an incorrect piece of information could lead to misguided
advice or erroneous conclusions. Hallucinations occur because
these models prioritize plausible language generation over
factual accuracy, which can be misleading in scenarios where
precision is required. Addressing these limitations requires
targeted enhancements to the model’s architecture and training
regime. This is where the integration of Retrieval-Augmented
Generation (RAG) technology can be transformative. RAG
introduces an external knowledge retrieval mechanism that
allows the model to dynamically access and integrate accurate,
domain-specific information during the generation process.
This framework enhances language models by combining
generative capabilities with an external knowledge retrieval
mechanism, offering a promising solution [4], [5]. By dynami-
cally retrieving and incorporating relevant external information
during the generation process, RAG enables the model to pro-
duce responses that are not only contextually appropriate but
also factually accurate and rich in domain-specific knowledge.

The focus of this paper is to develop a vertical large
language model utilizing the RAG framework for the vocal
arts domain, an area where the specialized knowledge of
vocal techniques, music theory, and performance practices
traditionally bounds expertise. The model leverages a curated
knowledge base of scientifically accurate data, historical con-
text, and expert analyses tailored specifically to enrich its
understanding and output related to vocal arts. This vertical
model utilizes a carefully curated knowledge base comprising
scientifically accurate data, historical context, and expert anal-
yses compared to general open-domain large models. These
elements are specifically tailored to enhance the model’s
understanding of and output related to vocal arts, ensuring that
the information provided is not only accurate but also reflects
the depth and nuances of the field. Open-domain large models,
although extensive in scope, cannot often address such highly
specialized demands as their training data typically do not
cover the deep expertise required, particularly in fields with
high artistic and performance standards like vocal arts.



To the best of our knowledge, it is the first work to
leverage the RAG model in vocal arts education to improve
the question-answering capacity of LLM. We design an ef-
fective framework to replenish domain-specific knowledge via
retrieval, which alleviates the hallucination problem of LLM.
Moreover, we notice that, albeit accurate, the responses from
RAG are relatively plain and monotone. Considering the ne-
cessity of diversified and vivid responses in the teaching-and-
learning scenario, we further fine-tune the LLaMA-2 model to
make the response interactive and human-like to fit the chatbot
application.

II. RELATED WORK
A. Opensourced Large Language Models

Large Language Model is a type of language model notable
for its ability to achieve general-purpose language understand-
ing and generation. LLMs acquire these abilities by using
massive amounts of data to learn billions of parameters during
training and consuming large computational resources during
their training and operation. ChatGPT (OpenAl, 2023), devel-
oped by OpenAl, is a prominent example of an LLM, known
for its conversational capabilities. This model is designed to
interact in a chat-like format, providing responses that are
engaging. However, the parameters are not open-sourced.

In contrast, there are several open-sourced LLMs, which
have been extensively examined in both academia and industry.
LLaMA-2 [3] from Meta Al is a collection of 7 billion to
70 billion parameters. Mistral 7B [6] is a 7-billion-parameter
language model released by Mistral Al. This model is care-
fully designed to balance efficiency and high performance,
making it well-suited for real-world applications where quick
responses are crucial. Gemini [7], a hypothetical model for
this example, represents another approach in LLMs, focusing
on dual capabilities of text generation and comprehension
within a single framework. This model could hypothetically
address some of the limitations of other LLMs by integrating
advanced reasoning and better context retention over longer
conversations.

Despite its strengths, these models face challenges such
as maintaining factual accuracy and avoiding hallucination
issues, where models generate plausible but incorrect or irrel-
evant content. In response to these challenges, advancements
like Supervised Fine-Tuning (SFT) [8] and Reinforcement
Learning with Human Feedback (RLHF) [3], [9] have been
developed to refine LLM behaviors. RLHF requires labor-
intensive annotation to interact with LLM responses, which is
not feasible in our project. SFT involves adjusting the model
on a targeted dataset, typically curated to reflect specific tasks
or domain needs. This approach is particularly useful when a
robust, domain-specific model is required, but the available
data for fine-tuning is limited, as is often the case with
specialized applications. While our knowledge base could only
provide limited numbers of data, fine-tuning with our domain
knowledge is not a good choice at the moment. Instead, we
consider fine-tuning an LLM to improve its response quality
and diversity using a large-scale corpora.

B. Sentence Embedding and STS

Semantic Textual Similarity (STS) evaluates the semantic
similarity of pairs of sentences based on their sentence em-
bedding. The accuracy of these scores is measured by the
Pearson correlation between machine-generated scores and
human judgments. Recent advancements focus on improving
embedding representation learning via refined objective func-
tions, such as contrastive learning [10]-[12] and AnglE [13].
The integration of large language models (LLMs) has opened
new frontiers in this domain, with studies like those by Li
and Li [14] and Wang et al. [15] demonstrating significant
enhancements in sentence embedding processes facilitated by
LLMs.

In recent research, Kusupati et al. [16] introduced Ma-
tryoshka Representation Learning (MRL), which supports
dynamic embedding sizes, offering increased flexibility and
application-specific tuning. However, they noted that MRL
does not significantly reduce computational overhead. To
address this limitation, Li et al. [17] proposed the development
of 2D Matryoshka Sentence Embeddings (2DMSE). This
new approach supports elastic settings for both embedding
sizes and Transformer layers, providing greater flexibility and
efficiency than previous models. Notably, 2DMSE allows for
scalability to smaller models with minimal performance loss
and effectively reduces computational overhead by utilizing
shallower layers. This makes it highly versatile for a range of
downstream applications.

C. RAG

Introduced by [4], RAG represents a significant advance-
ment in integrating retrieval mechanisms with language gener-
ation models, offering a robust method to address various chal-
lenges faced by LLMs [18]. The system employs a specialized
retriever module that effectively fetches relevant documents
from a corpus, such as Wikipedia, based on an input query.
These retrieved documents are then seamlessly integrated into
the context handled by a language model, thereby substan-
tially enhancing the model’s ability to generate nuanced and
contextually appropriate responses. This strategic combination
has proven essential in reducing perplexity and improving both
the factual accuracy and task-specific performance of LLMs,
as evidenced in research by [19], [20], among others. Specific
iterations of RAG models, such as SelfRAG [21] and CRAG
[22], have also been developed.

III. METHODOLOGY

This chapter outlines the technical methods and solution
architecture utilized in this project. We employ the LLaMA-
2 model integrated with the RAG framework and Semantic
Textual Similarity (STS) technology to enhance the system’s
ability to process and understand natural language, particularly
in the domain of singing techniques. The primary objective of
this solution is to improve the quality of automated responses
related to singing, making them more accurate, contextually
relevant, and helpful for users ranging from novice singers
to professional vocalists. The scope includes developing a
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Fig. 1. The generic framework of our proposed RAG model for vocal training.

scalable system that can adapt to various sub-domains of
singing, such as classical techniques, modern styles, and vocal
health.

The overall framework of our proposed approach is shown
in Figure 1, and in this section, we introduce our framework
in terms of its components.

A. Data Collection

The objective of data collection for this project is to gather
extensive knowledge about singing to ensure that the system
can provide accurate and contextually relevant answers to user
inquiries. This is achieved by constructing a comprehensive
knowledge base that spans various fundamental aspects of
singing.

The original knowledge is meticulously organized into 58
paragraphs, which are distributed across five key units, “Vocal
Anatomy and Physiology”, “Vocal Production and Technique”,
“Sound Characteristics and Adjustment”, “Vocal Styles and
Types”, and “Resonance and Adjustments”. To further enrich
this base, ChatGPT-3.5-turbo is employed to generate ten
question-and-answer pairs per paragraph, leading to a total of
580 pairs. This approach ensures comprehensive coverage of
potential user queries, equipping the system to handle a wide
array of questions effectively.

In addition to our foundational knowledge base, we have in-
corporated the dataset from databricks, databricks-dolly-15k!,
to fine-tune the LLaMA model. This dataset comprises a rich
collection of conversational text, significantly improving the
model’s understanding of language nuances and the relevance

Thttps://huggingface.co/datasets/databricks/databricks-dolly- 15k

of its responses. Finetuning the model with this dataset is a
practical step that enhances its performance, particularly in
generating content that more closely resembles human-like
expressions. Without this fine-tuning, the model might struggle
with specific domain queries, offering responses that are less
informative and less contextually relevant. By integrating this
dataset, we ensure that the model performs better and more
seamlessly fits into the existing technological framework, thus
enhancing its practical application in real-world scenarios.
This step makes the technology more robust and better suited
to handle a variety of interactions effectively.

Each question and answer pair is carefully reviewed and
refined to ensure they meet high standards of clarity, accuracy,
and relevance. This continuous improvement process enhances
the interactive learning experience for users. Plans are in
place for ongoing updates and expansions to the knowledge
base, incorporating additional content from new Al-generated
material.

B. Semantic Textxual Similarity-based Retrieval

STS approach is vital for ensuring that responses are closely
aligned with user queries. Our system employs the “multi-
ga-mpnet-base-dot-v1” model from the Hugging Face Trans-
formers library, which has proven to be highly effective in our
evaluations for its accuracy and performance within the same
category. This model is specifically designed for question-
answering applications, leveraging its ability to understand
semantic content deeply.

When a query is received, the system uses Sentence BERT
to embed all documents in the database, storing these vectors
on the server. Upon receiving a user’s question, it similarly
embeds this new input and compares its vector against the
database using cosine or dot similarity methods. The system
sorts paragraphs by semantic similarity and extracts the top
most relevant document. This top document is then fed into
a larger model that will be discussed later for response
generation. This process ensures that the responses are not
only highly relevant to the user’s query but also rich in
information and contextually accurate. For example, given a
query “How is a ‘break’ often marked?” The text with the
highest similarity extracted for further use is: “Break - The
term ‘break’ in this context refers to shifts in vocal registers.
This can be an issue for performers who need to control vocal
fold mass and tension over varying pitch ranges. A ‘break’ is
often marked by a noticeable change in tone or vocal quality,
or weakness through certain sections of a pitch range. This
can affect singing or acting performances. It’s mentioned in
Estill Voice Training in regards to managing and understanding
different registers and voice qualities.”

C. Improved Generation for Vocal Training

To effectively generate accurate and contextually relevant
answers, and effectively address and minimize hallucina-
tions, our system utilizes a sophisticated setup combining
the LLaMA-2 model and RAG. This innovative approach
leverages the generative capabilities of LLaMA-2 alongside



Answer based on the following context:
context: {context}
Query: {query}
TABLE T
PROMPT USED FOR GENERATION.

the dynamic content retrieval features of RAG, enhancing the
system’s ability to deliver precise responses to user queries.

Once the top-1 document is retrieved, it is used to construct
a prompt for the LLaMA-2 model. This prompt is meticu-
lously designed to ensure that the context and query are well
integrated to facilitate a precise and coherent response. The
prompt is structured as in Table I.

In this setup, context is the top-1 paragraph that has been
retrieved based on its semantic similarity to the query, and
query is the user’s initial question. This format helps main-
tain the focus of the LLaMA-2 model on the most relevant
information while generating the response.

With a robust methodology for prompt construction in place,
discovering that the response is quite short, we moved forward
by fine-tuning the LLaMA-2 model using the Dolly dataset.
The LLaMA-2 model is known for its robust performance
across a variety of natural language processing tasks, while
the Dolly dataset, rich in conversational texts, was chosen
to enhance the model’s capacity for generating engaging,
naturally conversational responses.

IV. EXPERIMENTAL RESULTS
A. Evaluation of the Retrieval Stage

The performance of various STS models was rigorously
assessed to evaluate their effectiveness in information retrieval
tasks. The evaluation focused on three primary metrics: overall
accuracy, accuracy within the same category, and the compu-
tational time cost.

Our chosen model, multi-qa-mpnet-base-dot-v1, leverages
the MPNet architecture which is renowned for its capability
to understand and manage the diversity and complexity of
language through various self-supervised learning strategies.
This model stands out in semantic understanding tasks by
integrating masked and permutation language modeling, al-
lowing it to capture subtle nuances in language. Furthermore,
it uses Sentence Bert’s CLS Pooling strategy during training,
where the [CLS] token represents sentence vectors, enhancing
its ability to classify inputs and grasp different sentence struc-
tures. This approach has significantly improved performance in
classification and QA tasks, evidenced by its scores of 0.6552
in Accuracy and 0.8120 in Accuracy in the Same Category.

B. Quantitative Evaluation

Table III shows that the performance of the models varies
significantly across different metrics. Our RAG model leads in
BLEU scores with 0.1764, suggesting it is better at producing
grammatically coherent answers, as BLEU emphasizes preci-
sion in matching n-grams to the reference text. On the other
hand, Finetune+RAG excels in both ROUGE-1 and ROUGE-L
metrics with scores of 0.4209 and 0.3987, respectively. These

Models Accuracy  Acc. in Cat.  Time (sec)
multi-qa-mpnet-base-dot-v1 0.6551 0.8121 8.85
multi-qa-mpnet-base-cos-v1 0.6276 0.8017 7.94
multi-qa-MiniLM-L6-cos-v1 0.5931 0.8 1.77
all-roberta-large-v1 0.6103 0.7982 29.99
multi-qa-distilbert-cos-v1 0.6155 0.7931 3.98
all-mpnet-base-v2 0.5948 0.7931 8.36
multi-qa-distilbert-dot-v1 0.6310 0.7931 443
all-distilroberta-v1 0.6121 0.7879 4.76
sentence-t5-xl 0.5948 0.7879 123.32
msmarco-bert-base-dot-v5 0.5897 0.7724 8.82
all-MiniLM-L12-v2 0.5655 0.7603 2.78
msmarco-distilbert-dot-v5 0.5828 0.7586 4.45
multi-qa-MiniLM-L6-dot-v1 0.5655 0.7517 2.17
msmarco-distilbert-cos-v5 0.5638 0.7466 4.21
TABLE 1T
COMPARISON OF DIFFERENT STS MODEL
Model BLEU ROUGE-1 ROUGE-L
LLaMA-2-7B-chat-hf | 0.0076 0.1267 0.1003
Our RAG 0.1764 0.3345 0.3057
Our Finetune+RAG 0.1022 0.4209 0.3987
TABLE TIT

EXPERIMENTAL RESULTS ON QA TEST WITH GPT GENERATE AS
GROUND-TRUTH

higher scores indicate that our Finetune+RAG is particularly
effective at capturing the essential content, as ROUGE-1 mea-
sures the overlap of unigrams between the generated text and
the reference, and ROUGE-L considers the longest common
subsequence, which can indicate a better grasp of sentence
structure.

Interestingly, the superior performance of our Fine-
tune+RAG on ROUGE metrics may be partially attributed
to its propensity to generate longer, more verbose responses.
While this verbosity likely contributes to a higher incidence of
matching words and sequences, it does not necessarily imply
improved quality or relevance of the content. This can be
problematic as the generation of superfluous content could
reduce the conciseness and precision of answers, which are
valuable in question-answering contexts.

The underperformance of the LLaMA-7B model across all
metrics suggests that the additional work we conducted on
the LLaMA foundation, incorporating our RAG and fine-
tuning strategies, was successful. Specifically, the marked
improvement of our RAG model in BLEU score indicates that
introducing a retrieval-augmented component has effectively
enhanced the grammatical coherence and accuracy of the
generated text. Meanwhile, the lead of our Finetune+RAG
model in the ROUGE-1 and ROUGE-L scores demonstrates
the benefits of the fine-tuning process in boosting the model’s
ability to capture and reproduce key content. These results
validate the efficacy of fine-tuning and integrating advanced
techniques on top of the LLaMA architecture. Our approach
may have improved the quality of answer generation by pro-
viding more relevant contextual information or by better model
optimization and parameter tuning, enhancing the model’s
understanding of the task.



Q1 How is a ‘break’ often marked?

Al (LLaMA-2) A break can be marked in various ways, depending on the context and culture. Here are some common ways:

1. Break symbol (!): This is a common way to mark a break in writing, especially in digital communication such as emails or chat messages. It indicates that
there has been an interruption in the flow of text. 2. Line break: In printed texts, a break may be indicated by inserting a line space between paragraphs or
sections. This helps to visually separate different parts of the text. 3. Emphasis (// or ////): To draw attention to a break in dialogue or thought, writers may
use emphasis marks, which indicate that something follows in the next part of the sentence or paragraph. For example, “He said / / She replied” or “T was
thinking //// about my vacation.” 4. Indentation: In creative writing, particularly in poetry, a break can be marked with indentation...

A2 (ChatGPT) A ‘break’ can be marked in various ways depending on the context. In a conversation, a break might be marked by a pause in speech, a
change in tone, or a topic shift. In written text, breaks are often indicated by paragraph breaks, section headings, or punctuation such as dashes or ellipses.
In music, a break is often marked by a rest or silence in the score. In daily life, people might mark breaks with actions like stretching, taking a deep breath,
or simply stepping away from whatever they were doing.

A3 (RAG) A break is often marked by a noticeable change in tone or vocal quality, or weakness through certain sections of a pitch range.

A4 (Finetune + RAG) There are several ways that a break can manifest. Firstly, there may not be a change in volume, but it will impact the way one sings;
as such when the chest register drops out, the vocal folds become lax allowing air to pass through them freely without restriction. Secondly, if you hear a
sound like “ahh” instead of clearing your throat before speaking (or humming), then try experimenting with different approaches until finding what works
best suits your needs. Finally third option would be checking whether anything else might cause discomfort while speaking during practice sessions e.g.,
breathing exercises designed specifically around deepening one’s core muscles could help increase lung capacity thereby reducing potential areas where stress
occurs due solely from poor respiratory habits . Another example could include paying attention more closely than normal to any changes taking place within
our body; recognizing subtle signals before they escalate into full fledged physical reactions later down line becomes crucial because many times these signs
indicate underlying conditions affecting how we breathe altogether — something easily missed! These three strategies allow us greater control leading towards
higher levels mastery skill set required for professional voice care work which includes both singing performance & public speaking ability

TABLE IV
EXAMPLE OF GENERATION - HOW IS A "BREAK’ OFTEN MARKED

C. Qualitative Evaluation techniques, the model effectively retrieved contextually rel-
evant information from a specialized knowledge base focused

Here, we present a qualitative evaluation in Tables IV and ]
on vocal arts. This enables the LLaMA-2 model to generate

V, where we compare our model RAG and a model fine- : X . i
tuned plus using RAG, with the base model LLaMA-2-7b- accurate and informative responses to a wide range of queries
chat-hf, and ChatGPT (gpt-3.5-turbo). Generally speaking related to singing techniques, vocal exercises, and other areas

LLaMA-2 and ChatGPT may not connect the question to related, alleviating the hallucination problem of LLMs.
a specific context like singing when the word is general, Despite these significant achievements, the solutions and

such as “breaking”. For instance, in music, there’s a specific methods employed in this project encountered limitations. One
term “belting”. When the word “,belt” is mf’:ntioned LLaMA. ©f the key limitations identified was the dependency of the
2 and ChatGPT might simply respond with “belt:’ but our knowledge base that, despite the richness, lacked the breadth

RAG model will correctly associate it with the musical term 2nd depth to cover all areas of the singing domain compre-
“belting”, staying more faithful to the musical context. Addi- hensively. The issue occasionally restricted the model’s ability

tionally, the model enhanced with Finetune+RAG might not to pr'ovide de'ta'liled answers (o less common or fmore comp lex
stay true to the context retrieved by RAG due to influences ~941€Mcs- Add1t1onglly, the current rpode} cannot maintain 'the
from the fine-tuning data. This could lead to the generation contc?xt of .a contu.luous dialog, which is crucial for handling
of irrelevant or excessive information that deviates from the multi-turn mter.actlons where the user expe.cts. the system to
intended context. The system’s output combines the generative remerpber previous chats. Moreover, transitioning the context
power of LLaMA-2 with the data-driven accuracy of RAG, selection to a top-k approach f,ror_n top-1 coulld fL'lrther refme
providing responses that answer users’ questions accurately. the model performance. By retrieving and considering multiple

This sophisticated generator setup continuously monitors ad- relevant text Shipp ets fro.m the knowledge base, the model
vances in generation and retrieval technology to ensure it could synthesize information from various sources, leading to

remains at the forefront, ready to incorporate newer versions 1OT® nuanced and comprehensive responses. This Shif,t would
of language models and expand the knowledge base to cover not only enhance th? .quahty.of the answers but also increase
more nuanced aspects of the field as needed. Through these the model’s adaptability to diverse user inquiries.
mechanisms, our system effectively addresses the challenge ACKNOWLEDGMENT

of hallucinations, ensuring high fidelity and reliability of its
responses.
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Q2 What is the issue with a ‘break’ for performers?

A2 (LLaMA-2) It was recently announced that there will be an indefinite “break” for K-pop group BTS, which has sparked discussion among fans and industry
experts about the potential consequences of taking time off from performing. Here are some possible reasons why breaks can be problematic for performers: 1.
Burnout and exhaustion: Continuous performances without adequate rest and recovery can lead to physical and mental burnout, causing fatigue, stress, and a
decrease in overall wellbeing. Taking a break allows performers to recharge their energy levels and prevent burnout. 2. Creative stagnation: Without sufficient
downtime, creativity and inspiration may suffer, leading to repetitive and unoriginal work. A break provides an opportunity for artists to explore new ideas,
experiment with different styles, or take time to reflect on their artistry. 3. Lack of momentum: An extended absence from live performances or releases can
result in lost steam and traction, making it challenging to regain audience interest once activity resumes. Artists might miss out on opportunities to engage
with fans, promote new material, or build upon recent successes during this period. 4. Financial impacts: Taking a hiatus could potentially negatively affect
an artist’s income stream, as they would cease generating earnings from tour dates, merchandise sales, or other activities related to their craft. This might
make it more difficult to invest in future projects or sustain themselves financially while away...

A2 (ChatGPT) A belt is a flexible band or strap, typically made of leather or a synthetic material, that is worn around the waist. The main purpose of a belt
is to secure or hold up clothing, primarily trousers or other articles of clothing that might be loose-fitting. Belts are also used as fashion accessories, where
they can add a stylistic touch to an outfit. They usually feature a buckle at one end, which helps in adjusting the length to fit the wearer’s waist and can
be designed in various styles, widths, and colors. Additionally, belts can serve other functions, such as carrying tools or weapons in certain professions or
uniforms.

A2 (RAG) For singers and actors, a break can lead to a loss of control over their vocal register, resulting in changes in tone or quality that are difficult
to correct during performance. Additionally, breaks may cause weakening of the voice throughout specific parts of a pitch range, leading to less consistent
delivery. In some cases, breaks may even result in vocal strain or damage if proper care is not taken to address them before they become more pronounced
issues. By recognizing when a “break” occurs and taking steps to manage it effectively, performers can maintain better control over their voices and prevent
long-term damages from occurring.

A2 (Finetune + RAG) The issue with a break from the perspective of performer is that it can lead to uncontrolled changes in their vocals while performing.
Performers may not realize they are transitioning into another register during performance because there could also be other issues impacting the singer such
as fatigue, acid reflux etc., which might compound problems for the singer leading them unaware that they have entered another register. In the best case
scenario, if the singer realizes when she enters another vocal register (for example mid-sentence), he/she would quickly adapt, but most likely will lose her
flow completely if left unattended until completion; ultimately dropping valuable momentum built up before this moment due to time spent trying out new
notes & vowels without proper training or practice available at any given point within song structure! It’s important therefore for all singers —from beginner
amateur hobbyists right down professionals—to understand how many parts make up our voices so we know what kind of work goes into putting together great
soundscapes when producing music videos or live performances too! By mastering these techniques you’ll find yourself feeling more comfortable making
your own decisions about vocal production like never before — giving way towards greater confidence overall when it comes creating music either alone or
alongside others! So don’t give up just yet though — keep working hard no matter where u start out (party emoji) cause YOU got THIS! (fighting emoji).
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EXAMPLE OF GENERATION - WHAT IS THE ISSUE WITH A ‘BREAK’ FOR PERFORMERS?
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