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Abstract
This paper provides an in-depth economic analysis of AuralVerse, an AI-driven music 
generation  platform  developed  by  RadioPro  LLC.  We  quantify  both  the  initial 
investment and operational costs involved in deploying and running AuralVerse, a 
system  designed  to  autonomously  produce  high-quality,  two-minute  music  tracks 
across various genres. By examining these costs across multiple iterative cycles of data 
generation, training, and refinement—particularly focusing on the reuse of previously 
generated  tracks  evaluated  by  human curators—we offer  critical  insights  into  the 
financial dynamics and scalability of deploying AI technologies in music production. 
We also  explore  the  legal  and ethical  considerations  associated with  AI-generated 
music, including intellectual property rights and cultural sensitivities.

1. Introduction

1.1 Objective

Artificial intelligence (AI) is revolutionizing various industries, and music production is 
no exception. Our primary objective is to provide a comprehensive economic analysis of 
AuralVerse, an AI-driven music generation platform developed by RadioPro LLC. We 
aim to quantify both the initial investment and operational costs involved in deploying 
and running AuralVerse. By examining these costs across multiple iterative cycles of 
data  generation,  training,  and  refinement—particularly  focusing  on  the  reuse  of 
previously generated tracks evaluated by human curators—we seek to offer critical 
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insights into the financial dynamics and scalability of deploying AI technologies in 
music production.

1.2 Significance

The integration of AI into music production holds the potential to transform the creative 
landscape fundamentally. Innovations like AuralVerse automate not only composition 
but  also  elements  of  performance  and  production.  Understanding  the  economic 
implications of  these technologies  is  crucial  for  developers,  producers,  artists,  and 
consumers alike. This paper fills a critical gap in existing research by detailing the 
specific costs, challenges, and potential returns associated with AI music generation, 
emphasizing the iterative reuse of generated content. It serves as a valuable resource for 
stakeholders at the intersection of technology and creative media.

1.3 Scope

Our analysis focuses on several critical aspects while recognizing that certain areas—
such as deeper technical intricacies of AI architecture and the full breadth of legal 
frameworks—are beyond the scope of this paper. These are important considerations 
but will not be addressed in detail, as our primary focus remains on the economic 
aspects of AI-driven music generation.

• Initial  Setup  and  Operational  Costs:  We  examine  the  costs  related  to  data 
acquisition, computational infrastructure, storage needs, and human resources 
required to develop and deploy AuralVerse. While these aspects are discussed in 
financial terms, technical optimizations and specific engineering challenges of 
infrastructure are acknowledged but not covered here.

• Iterative  Production and Reuse Costs:  We analyze the costs  and efficiencies 
associated with multiple cycles of music generation, human evaluation, and the 
reintegration  of  accepted  tracks  into  the  training  dataset,  focusing  on  the 
economic  impact  rather  than  the  technical  fine-tuning  processes  that  occur 
during these cycles.

• Impact  of  Human  Curation  and  Feedback  Loop:  We  explore  how  human 
curators evaluate and select generated tracks for reuse and how this process 
affects both the quality of outputs and operational costs. While the potential 
biases and scalability challenges in human curation are acknowledged, a deeper 
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examination  of  their  implications  on  AI  creativity  and  long-term  model 
evolution is beyond this paper’s scope.

• Comparison with Traditional Music Production Methods: We assess whether AI-
driven methods offer a cost-effective and scalable alternative to traditional music 
production  techniques,  but  do  not  delve  into  the  artistic  or  qualitative 
assessments of AI-generated music compared to human compositions.

• Legal and Ethical Considerations: We discuss the legal and ethical framework 
associated with AI-generated music, including intellectual property rights and 
cultural sensitivities. However, a detailed exploration of jurisdictional variations 
in copyright law or the ethical debates surrounding AI-generated works, such as 
bias in data representation or cultural appropriation, is acknowledged but not 
addressed in this paper.

1.4 Structure of the Paper

The paper is structured to guide the reader through a detailed exploration of the costs 
and benefits associated with AI in music production, with a primary emphasis on 
economic analysis. We note that deeper explorations into technical, legal, and ethical 
intricacies are beyond this paper’s scope.

• Section 2, Background and Related Work, reviews the evolution of AI in music 
generation and summarizes previous economic analyses of similar AI projects, 
setting the stage for a deeper understanding of AuralVerse's context. This section 
acknowledges gaps in literature, especially in terms of comprehensive legal or 
technical critiques, which are not addressed here.

• Section  3,  Project  Overview,  introduces  AuralVerse  in  detail,  describing  its 
technical  specifications,  development by RadioPro LLC, and the operational 
workflow. While we outline the major components of the model, an in-depth 
technical breakdown of the architecture is not the focus of this paper.

• Section 4, Methodology, outlines the methodological framework used to assess 
the economic impact, detailing how data was collected and analyzed, with a 
focus on cost-related factors  rather  than technical  optimization strategies  or 
algorithmic refinements.
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• Section 5,  Human Curation and Track Reuse  Process,  provides  an in-depth 
analysis of how generated tracks are evaluated by human curators and how 
accepted tracks are reintegrated into the model for further training. Scalability 
issues and potential biases introduced by human curation are recognized but not 
fully explored in this paper.

• Section  6,  Cost  Analysis,  offers  a  comprehensive  breakdown  of  all  costs, 
including  detailed  cost  calculations  and  the  impact  of  the  human  curation 
process and the reuse of tracks on operational expenses. Any discussion of the 
technical feasibility or improvements to cost efficiency through advanced AI 
techniques is acknowledged but not within the scope of this paper.

• Section 7, Discussion, interprets the economic data, comparing it with traditional 
music production costs and discussing the broader implications for the music 
industry.  Although  the  discussion  touches  on  the  economic  implications,  a 
broader debate about AI’s cultural and creative role in the music industry is 
beyond the scope of this paper.

• Section 8, Conclusions and Future Work, summarizes the findings and suggests 
directions for future research, particularly in enhancing the cost-efficiency and 
creative capabilities of AI in music production. This paper refrains from making 
specific legal or technical recommendations and leaves these areas for future 
exploration.

• Section 9, References, lists the sources cited throughout the paper, focusing on 
economic and technological precedents rather than the broader technical and 
legal literature.

2. Background and Related Work

2.1 AI in Music Generation

The application of artificial intelligence in music generation has evolved significantly 
over the past few decades. Early efforts, such as David Cope's Experiments in Musical  
Intelligence  (EMI) in  the  1980s,  utilized  rule-based  systems  to  compose  music 

4



mimicking classical composers' styles (Cope, 2005). These systems relied heavily on 
predefined rules and lacked the flexibility to generate truly novel compositions.

With the advent of machine learning and deep learning, AI models began to learn 
directly from data. Recurrent neural networks (RNNs) and Long Short-Term Memory 
(LSTM) networks  were  among the  first  architectures  applied to  music  generation, 
capable  of  capturing  temporal  dependencies  in  musical  sequences  (Hochreiter  & 
Schmidhuber, 1997). More recently, transformer architectures have been employed due 
to their ability to model long-term dependencies more effectively (Vaswani et al., 2017).

Notable  projects  in  AI  music  generation include OpenAI's  MuseNet and  Jukebox. 
MuseNet uses a transformer model to generate 4-minute musical compositions with 
multiple instruments (OpenAI, 2019).  Jukebox extends this by generating raw audio, 
including vocals, in various genres and styles (OpenAI, 2020). Google's Magenta project 
has  also  made significant  contributions,  focusing on building intelligent  tools  and 
interfaces for artists and musicians (Roberts et al., 2019).

Building on these technologies, RadioPro LLC's AuralVerse represents a significant 
advancement  in  AI-driven  music  generation.  Designed  with  a  sophisticated 
architecture  encompassing  over  100  million  parameters,  AuralVerse  utilizes 
transformer-based models to analyze and generate music that can adapt to various 
styles and complexities.

2.2 Economic Analyses in AI Projects

The  economic  impact  of  AI  across  different  industries  has  been  widely  studied. 
McKinsey & Company (2017) explored AI's potential to contribute trillions of dollars to 
the global economy through productivity gains and new revenue opportunities. In 
creative industries, AI applications have shown promise in reducing production costs 
and time while enabling new forms of content creation (Economist Intelligence Unit, 
2018).

However, comprehensive economic analyses specific to AI-driven music generation 
remain limited. Most studies focus on technological capabilities rather than financial 
implications. There is a need to understand the cost structures, potential savings, and 
revenue  models  associated  with  AI-generated  music  to  evaluate  its  viability  as  a 
commercial venture.
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2.3 Gap in Literature

Despite technological advancements, a noticeable gap exists in the literature regarding 
the economic evaluations of AI music generation systems. Existing research often lacks 
detailed  cost-benefit  analyses  essential  for  guiding  investment  decisions  and 
operational strategies. This gap is particularly pronounced in the nascent field of AI-
driven music, where understanding the financial dynamics is crucial for sustainable 
development and industry adoption.

2.4 Relevance to AuralVerse

For AuralVerse, understanding these economic patterns is vital. The model’s ability to 
generate music iteratively and learn from each production cycle suggests potential for 
decreasing marginal  costs  over  time.  However,  the  substantial  financial  outlay for 
infrastructure, computational resources, data management, and ongoing development 
highlights the complex financial  dynamics involved. This paper aims to provide a 
detailed economic analysis of AuralVerse, contributing valuable insights into the costs 
and benefits of AI in music production and filling a critical gap in the existing literature.

3. Project Overview

3.1 AuralVerse Model Description

AuralVerse is an AI-driven music generation platform developed by RadioPro LLC. The 
model (v. 1.4) utilizes a sophisticated deep learning architecture, incorporating over 100 
million parameters to capture and replicate a wide array of musical elements and styles. 
Leveraging transformer-based neural  networks,  AuralVerse is  designed to produce 
diverse, two-minute music tracks that can adapt to various genres, including classical, 
jazz, pop, electronic, and world music.

3.1.1 Model Architecture Details

The AuralVerse model (v. 1.4) employs a transformer-based architecture utilizing self-
attention mechanisms to capture long-term dependencies in music. The architecture 
consists of:
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• Input Layer: Embedding layers transform input tokens (musical notes, chords, 
rhythms) into dense vector representations.

• Positional  Encoding:  Adds  positional  information  to  embeddings  using 
sinusoidal  functions,  crucial  for  understanding  the  order  of  musical  events 
(Vaswani et al., 2017).

• Encoder Blocks: Multiple layers with multi-head self-attention and feed-forward 
networks process the input sequences, capturing relationships between musical 
elements.

• Decoder  Blocks:  Similar  structure  to  the encoder,  but  includes  masked self-
attention to prevent the model from seeing future tokens during training.

• Output Layer: Softmax layers convert outputs into probability distributions over 
possible musical tokens, allowing for the generation of new sequences.

3.2 Development and Update Cycle

The  development  cycle  of  AuralVerse  is  characterized  by  its  iterative  nature, 
fundamental to its design philosophy. The initial training involves an extensive dataset 
of 20,000 high-quality MP3 files. Each operational cycle includes:

1. Music Generation: The model autonomously generates a new set of music tracks.

2. Human  Evaluation:  A  team  of  experienced  music  curators  evaluates  the 
generated tracks based on predefined quality and originality criteria.

3. Track Selection and Curation: Approximately 30% of the generated tracks are 
discarded due to quality issues. The remaining 70% are considered acceptable.

4. Reintegration  of  Accepted Tracks:  Accepted tracks  are  reintegrated into  the 
training dataset, enriching the model's knowledge base and enhancing future 
outputs.

5. Iterative Learning: The model retrains using the expanded dataset, which now 
includes both original and accepted generated tracks, allowing it to learn from its 
previous outputs and the feedback provided by human curators.
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3.3 Technical Specifications

3.3.1 Hardware

The  computational  backbone  of  AuralVerse  consists  of  high-performance  GPUs, 
specifically NVIDIA Tesla V100 units.  These GPUs are chosen for their exceptional 
parallel processing capabilities, essential for training deep learning models with large 
datasets. The hardware setup includes:

• GPU Cluster: A cluster of 32 NVIDIA Tesla V100 GPUs.

• CPU Support: High-performance CPUs for data preprocessing and management 
tasks.

• Memory  and  Storage:  Ample  RAM  and  fast  SSD  storage  for  efficient  data 
handling.

• Cooling and Power Systems: Advanced cooling solutions to maintain optimal 
operating  temperatures  and  redundant  power  supplies  to  ensure  system 
reliability.

3.3.2 Software

AuralVerse leverages a combination of open-source and proprietary software:

• Machine Learning Frameworks: TensorFlow (Abadi et al., 2016) and PyTorch 
(Paszke et al., 2019) for building and training the neural networks.

• Custom Algorithms: Proprietary algorithms for music feature extraction, data 
augmentation, and enhanced sound synthesis.

• Data  Management  Systems:  Databases  and  tools  for  efficient  data  storage, 
retrieval, and versioning.

3.4 Data Management and Storage

Effective data management is critical due to the large volumes of data processed. The 
data infrastructure includes:

• On-Premise Storage: High-capacity storage arrays for rapid access to training 
data.

• Cloud Storage Solutions: Secure cloud storage for scalability and redundancy.
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• Data Backup and Recovery: Robust backup systems to prevent data loss.

• Data Security Measures: Encryption and access controls to protect intellectual 
property and comply with data protection regulations.

3.5 Operational Workflow

The operational  workflow is  designed for efficiency and continuous improvement, 
emphasizing the role of human curation in the feedback loop:

1. Data Acquisition and Preparation: Curating and preprocessing the initial dataset 
and newly generated tracks.

2. Model Training: Using the prepared data to train the neural network, optimizing 
model parameters.

3. Music Generation: The trained model generates new music tracks autonomously.

4. Human Evaluation and Curation: Expert curators assess the generated tracks for 
quality, creativity, and adherence to musical standards.

5. Feedback Loop and Data Reintegration: Accepted tracks are reintegrated into the 
training dataset. Feedback from curators guides adjustments to the model.

6. Retraining: The model is retrained with the updated dataset, incorporating both 
initial and accepted generated tracks.

7. Deployment  and  Distribution:  High-quality  tracks  are  made  available  for 
various applications.

4. Methodology

4.1 Data Collection

The foundational dataset consists of 20,000 high-quality MP3 files, sourced through 
legal  licensing agreements  with  music  publishers,  record labels,  and online  music 
archives. The selection criteria focused on:

➔ Genre Diversity:  Including a wide range of genres to ensure the model can 
generate diverse music styles.
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➔ Quality: High-fidelity recordings with rich audio quality.

➔ Metadata: Comprehensive metadata for each track, including genre, tempo, key, 
instrumentation, and mood descriptors.

4.2 Computational Framework

4.2.1 Hardware Setup

The computational infrastructure includes:

• GPU Cluster: 32 NVIDIA Tesla V100 GPUs with 32 GB memory each.

• CPU Nodes: High-performance CPUs for data preprocessing and coordination 
tasks.

• Network Infrastructure: High-speed networking for rapid data transfer.

• Data Center Facilities: Secure, climate-controlled facilities with redundant power 
supplies and backup systems.

4.2.2 Software Tools

The software environment includes:

• Machine Learning Frameworks: TensorFlow 2.0 and PyTorch.

• Audio Processing Libraries: Librosa (McFee et al., 2015) and Essentia (Bogdanov 
et al., 2013) for feature extraction and audio analysis.

• Data Management Systems: PostgreSQL databases and Hadoop Distributed File 
System (HDFS).

• Version Control and Deployment Tools: Git and Docker.

4.3 Data Analysis and Model Training

4.3.1 Preprocessing Techniques

• Feature Extraction: Computing Mel-frequency cepstral coefficients 
(MFCCs), chroma features, spectral contrast, and tonnetz 
representations.

• Data Augmentation: Applying pitch shifting, time stretching, and 
adding noise to increase dataset diversity.
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• Normalization: Standardizing features to have zero mean and unit 
variance.

4.3.2 Training Process

The training process is iterative:

• Initial Training: Using the original dataset of 20,000 tracks.

• Subsequent Training Cycles: Incorporating accepted generated tracks from 
previous cycles.

• Feedback Incorporation: Adjusting model parameters based on curator 
feedback.

• Optimization: Utilizing the Adam optimizer (Kingma & Ba, 2015) with learning 
rate scheduling and gradient clipping.

• Regularization: Applying dropout and weight decay to prevent overfitting.

4.3.3 Evaluation Metrics

The model's performance is evaluated using:

• Quantitative Metrics:

◦ Cross-Entropy Loss: Measures the difference between predicted probabilities 
and actual distribution.

◦ Perplexity: Indicates the model's uncertainty in predicting the next token; 
lower values are better.

• Music-Specific Metrics:

◦ Harmonicity: Assesses consonance in note combinations.

◦ Rhythmic Consistency: Evaluates tempo stability and timing accuracy.

◦ Melodic Originality: Measures uniqueness compared to existing music.

• Human  Evaluation:  Expert  reviews  to  assess  musicality,  creativity,  and 
emotional impact.
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4.4 Model Updates and Refinements

After each training cycle, the model is updated based on:

• Performance  Analysis:  Reviewing  evaluation  metrics  to  identify  areas  for 
improvement.

• Parameter Tuning: Adjusting hyperparameters.

• Architectural Changes: Modifying the model architecture if necessary.

• Incorporating Feedback: Using insights from human evaluations.

4.5 Legal and Ethical Framework

Navigating the legal and ethical landscape is essential for the sustainable success of 
AuralVerse. We address:

• Intellectual Property Rights:

◦ Data Acquisition and Licensing: Ensuring all training data is legally obtained 
and properly licensed.

◦ Protection  of  Proprietary  Algorithms:  Safeguarding  trade  secrets  and 
considering patents.

• Copyright Law Compliance:

◦ AI-Generated Music and Copyright: Understanding the legal status of AI-
generated works.

◦ Derivative Works and Infringement Risks: Implementing measures to avoid 
infringing existing copyrights.

• Ethical Use of Data:

◦ Data Privacy: Complying with data protection laws like GDPR.

◦ Fair Use and Data Mining Exceptions: Operating within legal allowances for 
data analysis.

• Cultural Sensitivity and Appropriation:

◦ Respect  for  Cultural  Heritage:  Ensuring  music  from  diverse  cultures  is 
represented accurately and respectfully.
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◦ Avoiding  Misappropriation:  Establishing  policies  to  prevent  misuse  of 
cultural elements.

5. Human Curation and Track Reuse Process

5.1 Overview

Human curators play a critical role in evaluating and selecting generated tracks for 
reintegration into the training dataset. Their expertise enhances the quality of the AI 
model's outputs over time.

5.2 Role of Human Curators

▪ Evaluating Generated Tracks: Assessing each track for musicality, 
originality, technical quality, and emotional impact.

▪ Providing Feedback: Offering detailed notes on accepted and rejected 
tracks.

▪ Ensuring Quality Standards: Maintaining high standards to ensure only 
tracks meeting specific criteria are reintegrated.

5.3 Evaluation Criteria

Curators evaluate tracks based on several key criteria, each with specific guidelines:

• Musical Coherence:

◦ Structure:  The  track  should  have  a  clear  beginning,  development,  and 
conclusion.

◦ Flow: Transitions between sections should be smooth and logical.

◦ Consistency:  Thematic  elements  should  be  developed  appropriately 
throughout the track.

• Originality:

◦ Uniqueness: The track should present new musical ideas or combinations.

◦ Avoidance of Plagiarism: The track must not replicate existing compositions.

◦ Innovation: Encouragement of creative risks that push genre boundaries.
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• Technical Quality:

◦ Audio Fidelity: The track should be free of distortions or unwanted noise.

◦ Mixing Balance: Instrument levels should be balanced, ensuring clarity.

◦ Mastering Quality: The overall sound should meet industry standards.

• Emotional Resonance:

◦ Expressiveness: The music should convey emotions appropriate to its genre 
and mood.

◦ Engagement: The track should captivate the listener's attention.

◦ Authenticity: Emotional content should feel genuine.

• Adherence to Genre Conventions:

◦ Stylistic Elements: Use of instruments, harmonies, rhythms typical of the 
genre.

◦ Cultural Sensitivity: Respect for the cultural context and origins of the genre.

◦ Audience Expectations: Alignment with listener expectations.

• Suitability for Intended Use:

◦ Purpose  Alignment:  The  track  should  be  appropriate  for  its  intended 
application.

◦ Client  Requirements:  If  applicable,  the  track  should  meet  specific 
specifications.

◦ Versatility: Consideration of the track's adaptability to various contexts.

5.4 Human Curation Guidelines

To ensure consistency and high standards, we established detailed guidelines for the 
curation process:

• Evaluation Process:

◦ Standardized Scoring System: Curators use a scale (e.g.,  1 to 5) for each 
criterion.
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◦ Thresholds  for  Acceptance:  Tracks  must  meet  minimum  scores  to  be 
accepted.

• Documentation and Feedback:

◦ Evaluation Reports: Curators complete an evaluation form for each track.

◦ Feedback Details: Accepted tracks receive positive feedback; rejected tracks 
receive constructive criticism.

• Consistency and Calibration:

◦ Curator  Training:  Initial  and  ongoing  training  sessions  cover  evaluation 
standards.

◦ Calibration  Sessions:  Regular  meetings  to  align  scoring  practices  among 
curators.

• Ethical Considerations:

◦ Bias Mitigation: Educating curators on potential biases.

◦ Cultural  Sensitivity:  Ensuring respect  for different music genres'  cultural 
contexts.

5.5 Feedback Loop and Reintegration

Accepted tracks serve multiple purposes:

• Data Enrichment:  Adding high-quality,  AI-generated tracks increases dataset 
size and diversity.

• Model  Improvement:  The model  learns from its  outputs,  guided by human 
evaluation.

• Adaptive Learning: The model adapts to curator preferences.

5.6 Impact on Model Performance

▪ Quality Enhancement: Over successive cycles, the quality improves due 
to the enriched dataset.

▪ Style Evolution: The model refines specific styles based on curated 
tracks.
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▪ Efficiency Gains: Learning from previous outputs may reduce 
computational resources needed.

5.7 Challenges and Considerations

▪ Bias Introduction: Curators' preferences may introduce bias.
▪ Scalability of Human Evaluation: Capacity may become a bottleneck as 

output volume grows.
▪ Cost Implications: Involvement of human experts adds to operational 

costs.

6. Cost Analysis

6.1 Overview of Cost Components

We analyze the initial setup costs, annual operational costs, per-cycle costs, and per-
track costs associated with generating and curating music tracks.

6.2 Detailed Cost Calculations

6.2.1 Initial Setup Costs

 Hardware Expenses:

 GPU Cluster: 32 NVIDIA Tesla V100 GPUs at $10,000 each.
 Total GPU Cost: 32 × $10,000 = $320,000

 CPU  Nodes  and  Supporting  Hardware:  Servers,  network  equipment, 
storage systems.

 Estimated Cost: $200,000
 Data Center Infrastructure: Facilities, cooling systems, security.

 Estimated Cost: $100,000
 Total Hardware Expenses: $320,000 + $200,000 + $100,000 = $620,000

 Software Development and Licensing:

 Software Development: Custom algorithms and system integration.
 Cost: $500,000

 Third-Party Licensing Fees: Software tools and libraries.
 Cost: $100,000
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 Total Software Costs: $500,000 + $100,000 = $600,000
 Data Acquisition:

 Music Licensing: 20,000 tracks at $50 per track.
 Cost: 20,000 × $50 = $1,000,000

 Total Initial Setup Cost: $620,000 + $600,000 + $1,000,000 = $2,220,000

6.2.2 Annual Operational Costs

 Computational Costs:

 Electricity:
 Power Consumption per GPU: 0.3 kW
 Total GPUs: 32
 Total Power Consumption: 32 × 0.3 kW = 9.6 kW
 Annual Energy Consumption: 9.6 kW × 8,760 hours = 84,096 kWh
 Annual Electricity Cost: 84,096 kWh × $0.10/kWh = $8,409.60

 Maintenance and Upgrades:
 Estimated Annual Cost: $50,000

 Total Computational Costs: $8,409.60 + $50,000 = $58,409.60
 Data Storage Costs:

 On-Premise Storage Maintenance: $20,000
 Cloud Storage Services:

 Storage Volume: 50 TB
 Storage Cost per TB per Month: $23
 Annual Cloud Storage Cost: 50 TB × $23/TB/month × 12 months = $1

3,800
 Total Data Storage Costs: $20,000 + $13,800 = $33,800

 Labor Costs:

 Development Team:
 AI Researchers and Developers: 5 × $150,000 = $750,000
 Software Engineers: 3 × $120,000 = $360,000
 Data Scientists: 2 × $130,000 = $260,000
 Project Manager: 1 × $140,000 = $140,000
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 Total Development Team Cost: $750,000 + $360,000 + $260,000 + 
$140,000 = $1,510,000

 Human Curation Team:
 Music Curators: 5 × $80,000 = $400,000
 Training and Development: $20,000
 Total Human Curation Team Cost: $400,000 + $20,000 = $420,000

 Total Labor Costs: $1,510,000 + $420,000 = $1,930,000
 Software Maintenance:

 Software Updates and Support: $100,000
 Total Annual Operational Cost: $58,409.60 + $33,800 + $1,930,000 + $100,000 = 

$2,122,209.60

6.2.3 Per-Cycle Costs

Assuming 12 cycles per year:

 Computational Cost per Cycle:

 GPU Usage per Cycle: 100 hours per GPU
 Total GPU Hours per Cycle: 100 × 32 = 3,200 hours
 Energy Consumption per Cycle: 3,200 hours × 0.3 kW = 960 kWh
 Electricity Cost per Cycle: 960 kWh × $0.10/kWh = $96

 Labor Cost per Cycle:

 Curator Hours per Cycle: 5 curators × 80 hours = 400 hours
 Hourly Rate per Curator: $80,000 / 2,080 hours = $38.46/hour
 Total Curation Labor Cost per Cycle: 400 hours × $38.46/hour = $15,384

 Total Per-Cycle Cost: $96 + $15,384 = $15,480

6.2.4 Track Generation Analysis

 Tracks Generated per Year: 1,000 tracks/cycle × 12 cycles = 12,000 tracks
 Tracks Retained After Human Curation:

 Retention Rate: 70%
 Tracks Retained per Year: 12,000 × 70% = 8,400 tracks

6.2.5 Per-Track Cost Analysis

 Operational Cost per Track Generated:
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 $2,122,209.60 / 12,000 = $176.85
 Operational Cost per Track Retained:

 $2,122,209.60 / 8,400 = $252.64

6.2.6 Break-Even Analysis

 Required Revenue to Break Even: $2,122,209.60
 Required Average License Fee per Track: $2,122,209.60 / 8,400 = $252.64

6.2.7 Cost Impact of Reusing Generated Tracks

 Data Acquisition Savings:
 Number of Reused Tracks Annually: 8,400
 Cost per External Track License: $50
 Potential Savings: 8,400 × $50 = $420,000

 Training Efficiency:
 Estimated Computational Cost Reduction: 10% of $58,409.60 = $5,840.96

6.2.8 Sensitivity Analysis

 Impact of Changing Retention Rate:
 If Retention Rate Increases to 80%:

 Tracks Retained: 12,000 × 80% = 9,600
 Required Average License Fee: $2,122,209.60 / 9,600 = $221.06

 If Retention Rate Decreases to 60%:
 Tracks Retained: 12,000 × 60% = 7,200
 Required Average License Fee: $2,122,209.60 / 7,200 = $294.75

7. Discussion

7.1 Interpretation of Results

Our cost analysis reveals that while the initial and operational costs are substantial, 
AuralVerse has the potential to generate music at a significantly lower per-track cost 
than traditional methods when scaled appropriately.
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7.1.1 Cost Effectiveness

• Per-Track Cost Advantage: Traditional music production can cost $5,000 to 
$50,000 per track (Passman, 2015). AuralVerse can produce tracks at 
approximately $253 per retained track.

• Quality Enhancement: The involvement of human curators enhances output 
quality, increasing potential revenue per track.

• Data Acquisition Savings: Reusing generated tracks reduces the need for 
external data purchases, potentially saving $420,000 annually.

7.1.2 Scalability and Operational Efficiency

• Efficiency Gains: Learning from previous outputs may reduce computational 
resources needed over time.

• Scalability Challenges: Human curation may become a bottleneck as output 
volume grows.

7.2 Sustainability and Long-Term Viability

7.2.1 Economic Sustainability

Achieving profitability hinges on effective monetization strategies:

• Licensing Fees: At an average of $300 per track, revenue exceeds operational 
costs.

• Premium Pricing: Higher quality outputs may command higher fees.

7.2.2 Environmental Considerations

• Energy Consumption: Operating large-scale AI models consumes significant 
energy.

• Mitigation Strategies: Implementing energy-efficient hardware and utilizing 
renewable energy sources.

7.3 Potential Benefits and Industry Challenges

7.3.1 Innovation and Creative Impact

• Creative Possibilities: AuralVerse expands creative horizons, offering novel 
compositions and assisting human composers.
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• Human-AI Collaboration: The model benefits from human curation, ensuring 
artistic integrity.

7.3.2 Industry Acceptance and Integration

• Challenges: Industry skepticism, potential displacement of artists, ethical 
considerations.

• Solutions: Transparent practices, collaboration with artists, clear guidelines for 
AI-generated content.

7.4 Legal and Ethical Considerations

Navigating the legal and ethical landscape is essential for the sustainable success of 
AuralVerse.

 Intellectual Property Rights:
 Data  Acquisition  and  Licensing:  Ensuring  all  training  data  is  legally 

obtained and properly licensed.
 Protection  of  Proprietary  Algorithms:  Safeguarding  trade  secrets  and 

considering patents.
 Copyright Law Compliance:

 AI-Generated Music and Copyright: Understanding the legal status of AI-
generated works (United States Copyright Office, 2021).

 Derivative  Works  and Infringement  Risks:  Implementing measures  to 
avoid infringing existing copyrights.

 Ethical Use of Data:
 Data Privacy: Complying with data protection laws like GDPR.
 Fair Use and Data Mining Exceptions: Operating within legal allowances 

for data analysis.
 Cultural Sensitivity and Appropriation:

 Respect for Cultural Heritage: Ensuring music from diverse cultures is 
represented accurately and respectfully.

 Avoiding Misappropriation: Establishing policies to prevent misuse of 
cultural elements.

 Transparency and Accountability:
 Disclosure of AI Involvement: Being open about the use of AI in music 

creation.
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 Responsible  AI  Principles:  Adopting  ethical  guidelines  to  build  trust 
(High-Level Expert Group on AI, 2019).

8. Conclusions and Future Work

8.1 Conclusions

Our  economic  analysis  demonstrates  that  AuralVerse  can  be  a  cost-effective  and 
scalable alternative to traditional music production methods. The model's ability to 
generate high-quality music at a lower per-track cost presents significant opportunities 
for the music industry. The involvement of human curators enhances the quality of 
outputs and contributes to the model's continuous improvement.

8.2 Future Work

8.2.1 Scaling Human Curation

• AI-Assisted Evaluation: Developing tools to assist curators, increasing 
efficiency.

• Crowdsourcing: Leveraging a larger pool of part-time curators.

8.2.2 Cost Reduction Strategies

• Algorithm Optimization: Reducing computational demands.
• Automation: Automating parts of the curation process.

8.2.3 Revenue Enhancement

• Tiered Licensing: Offering different pricing tiers.
• Value-Added Services: Providing customization options.
• Subscription Models: Implementing subscription-based access.

8.2.4 Ethical and Legal Considerations

• Copyright and Ownership: Establishing clear policies.
• Collaboration with Artists: Engaging with human artists.
• Transparency: Being transparent about AI use.
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8.2.5 Increasing Track Length and Scaling Infrastructure

As part of our ongoing development, we plan to increase the length of generated tracks 
from the current two minutes to five minutes in the next version of AuralVerse. This 
change will require scaling the model and underlying infrastructure to accommodate 
the increased computational demands. The extended track length will offer greater 
musical  depth  and  variety,  aligning  more  closely  with  industry  standards  for 
commercial  use.  We  will  focus  on  optimizing  resource  usage  and  refining  our 
algorithms to handle the additional load while maintaining efficiency in both music 
generation and human curation processes.

8.3 Recommendations

For stakeholders:

• Collaborate with Technologists: Understand and influence AI tool development.

• Explore  Integration  Opportunities:  Assess  how  AI-generated  music 
complements existing processes.

• Invest  in  Education  and  Training:  Prepare  for  new  technologies  through 
educational programs.

9. References
1. Abadi, M., et al. (2016). TensorFlow: Large-Scale Machine Learning on Heterogeneous 
Distributed Systems. arXiv preprint arXiv:1603.04467.

2. Bogdanov, D., et al. (2013). Essentia: An Open-Source Library for Sound and Music 
Analysis. Proceedings of the 21st ACM International Conference on Multimedia, 855-
858.

3. Cope, D. (2005). Computer Models of Musical Creativity. MIT Press.

4.  Economist  Intelligence  Unit.  (2018).  The  AI  Revolution  in  Creative  Industries. 
Retrieved  from  https://eiuperspectives.economist.com/technology-innovation/ai-
revolution-creative-industries

23



5.  High-Level  Expert  Group  on  AI.  (2019).  Ethics  Guidelines  for  Trustworthy  AI. 
European Commission.

6.  Hochreiter,  S.,  &  Schmidhuber,  J.  (1997).  Long  Short-Term  Memory.  Neural  
Computation, 9(8), 1735-1780.

7.  Kingma,  D.  P.,  &  Ba,  J.  (2015).  Adam:  A Method  for  Stochastic  Optimization. 
Proceedings of the 3rd International Conference on Learning Representations (ICLR).

8.  McFee,  B.,  et  al.  (2015).  librosa:  Audio  and  Music  Signal  Analysis  in  Python. 
Proceedings of the 14th Python in Science Conference, 18-25.

9.  McKinsey & Company.  (2017).  Artificial  Intelligence:  The Next  Digital  Frontier? 
Retrieved from https://www.mckinsey.com/featured-insights/artificial-intelligence/

10. OpenAI. (2019). MuseNet. Retrieved from https://openai.com/blog/musenet/

11.  OpenAI.  (2020).  Jukebox:  A  Generative  Model  for  Music.  Retrieved  from 
https://openai.com/blog/jukebox/

12. Paszke, A., et al. (2019). PyTorch: An Imperative Style, High-Performance Deep 
Learning Library. Advances in Neural Information Processing Systems, 8024-8035.

13. Passman, D. S. (2015). All You Need to Know About the Music Business. Simon & 
Schuster.

14. Roberts, A., et al. (2019). Magenta: A Generative Model for Music. Retrieved from 
https://magenta.tensorflow.org/

15.  United  States  Copyright  Office.  (2021).  Compendium of  U.S.  Copyright  Office 
Practices, Third Edition. Retrieved from https://www.copyright.gov/comp3/

16. Vaswani, A., et al. (2017). Attention is All You Need. Advances in Neural Information 
Processing Systems, 5998-6008.

17. Hadjeres, G., Pachet, F.-D., & Nielsen, F. (2017). DeepBach: a Steerable Model for 
Bach  Chorales  Generation.  Proceedings  of  the  34th  International  Conference  on 
Machine Learning, 1362–1371.

24

https://openai.com/blog/jukebox/
https://openai.com/blog/musenet/


Acknowledgments
We wish to acknowledge the contributions of the development team at RadioPro LLC 
for their dedication to advancing AI in music generation. Special thanks to the human 
curators whose expertise has been instrumental in refining the AuralVerse platform. We 
also  extend  our  gratitude  to  the  partners  and  organizations  that  supported  data 
acquisition and provided licensing agreements necessary for this project.

25


	A Comprehensive Economic Analysis of AuralVerse: An AI-Driven Music Generation Platform
	Abstract
	1. Introduction
	1.1 Objective
	1.2 Significance
	1.3 Scope
	1.4 Structure of the Paper

	2. Background and Related Work
	2.1 AI in Music Generation
	2.2 Economic Analyses in AI Projects
	2.3 Gap in Literature
	2.4 Relevance to AuralVerse

	3. Project Overview
	3.1 AuralVerse Model Description
	3.1.1 Model Architecture Details

	3.2 Development and Update Cycle
	3.3 Technical Specifications
	3.3.1 Hardware
	3.3.2 Software

	3.4 Data Management and Storage
	3.5 Operational Workflow

	4. Methodology
	4.1 Data Collection
	4.2 Computational Framework
	4.2.1 Hardware Setup
	4.2.2 Software Tools

	4.3 Data Analysis and Model Training
	4.3.1 Preprocessing Techniques
	4.3.2 Training Process
	4.3.3 Evaluation Metrics

	4.4 Model Updates and Refinements
	4.5 Legal and Ethical Framework

	5. Human Curation and Track Reuse Process
	5.1 Overview
	5.2 Role of Human Curators
	5.3 Evaluation Criteria
	5.4 Human Curation Guidelines
	5.5 Feedback Loop and Reintegration
	5.6 Impact on Model Performance
	5.7 Challenges and Considerations

	6. Cost Analysis
	6.1 Overview of Cost Components
	6.2 Detailed Cost Calculations
	6.2.1 Initial Setup Costs
	6.2.2 Annual Operational Costs
	6.2.3 Per-Cycle Costs
	6.2.4 Track Generation Analysis
	6.2.5 Per-Track Cost Analysis
	6.2.6 Break-Even Analysis
	6.2.7 Cost Impact of Reusing Generated Tracks
	6.2.8 Sensitivity Analysis


	7. Discussion
	7.1 Interpretation of Results
	7.1.1 Cost Effectiveness
	7.1.2 Scalability and Operational Efficiency

	7.2 Sustainability and Long-Term Viability
	7.2.1 Economic Sustainability
	7.2.2 Environmental Considerations

	7.3 Potential Benefits and Industry Challenges
	7.3.1 Innovation and Creative Impact
	7.3.2 Industry Acceptance and Integration
	7.4 Legal and Ethical Considerations


	8. Conclusions and Future Work
	8.1 Conclusions
	8.2 Future Work
	8.2.1 Scaling Human Curation
	8.2.2 Cost Reduction Strategies
	8.2.3 Revenue Enhancement
	8.2.4 Ethical and Legal Considerations
	8.2.5 Increasing Track Length and Scaling Infrastructure
	8.3 Recommendations


	9. References
	Acknowledgments


