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I. Abstract: Defining the Music Mood Gap
Music streaming platforms now serve hundreds of millions of listeners worldwide, yet the underlying systems that tag and recommend songs still lean heavily on manual labeling or metadata-driven heuristics, an approach that is both subjective and difficult to scale.
In this paper, we examine a recurring inefficiency in modern music platforms that we term mood classification latency: the mismatch between what a song actually conveys emotionally and the label an automated system assigns to it. This mismatch, we argue, is not the product of any single technical flaw. Rather, it stems from the mono-modal design philosophy that dominates existing classifiers, these systems examine either acoustic features or lyric sentiment, but never both at the same time.
At a technical level, this limitation manifests in two distinct ways. The first is feature incompleteness: systems that extract audio characteristics such as tempo and MFCCs while completely disregarding the lyrical and textual layer of a song. The second is what we call semantic blindness, systems that parse lyric sentiment but remain entirely unaware of how the music is actually performed, ignoring rhythm, pitch, and energy. When a song’s audio and lyrical signals pull in different directions, these classifiers routinely assign the wrong mood.
To address this, we propose a Song Mood Classifier built on a Hybrid Dual-Branch architecture. The system runs two parallel analysis pipelines: an audio branch powered by a Convolutional Neural Network (CNN) trained on spectrograms and Librosa-extracted features, alongside a lyric branch that employs a transformer-based NLP model (BERT) to analyze the emotional content of song text. Outputs from both branches are then combined through a dense fusion layer to produce a unified mood prediction.
We target four mood categories: Happy, Sad, Calm, and Energetic. Rather than processing audio and lyrics through separate, disconnected pipelines, our system aligns acoustic signal features with semantic lyric content at a shared prediction stage. From an engineering standpoint, this demands parallel handling of two fundamentally different data types i.e. audio spectrograms and tokenized text  before late-stage fusion.
That said, the approach comes with real constraints. Classification quality is closely tied to the size and labeling consistency of the training data we have access to. The current model is bounded by four to five discrete mood categories and cannot yet capture more nuanced emotional states like bittersweet or nostalgic. Real-time audio inference, while a natural next step, falls outside the current implementation scope.
We frame mood misclassification as a data fusion engineering problem rather than a purely statistical one. The hybrid model improves accuracy by rethinking how audio and text signals are processed and merged  while being transparent about the data limitations and architectural trade-offs that affect real-world deployment.

II. Literature Review: Evolution of Music Mood Classification
Automated music mood classification did not arrive at its current limitations all at once. It evolved in stages, with each generation solving one problem while quietly creating another. The result is a field where powerful individual tools exist, but genuine multimodal understanding remains largely absent.

A. Generation 1.0: Audio-Only Classification
Early automated music analysis was built entirely around acoustic signals. Researchers in this period extracted hand-crafted audio features likr Mel-Frequency Cepstral Coefficients (MFCCs), tempo, spectral contrast, and chroma, and passed them into classical machine learning classifiers like Support Vector Machines (SVMs) and Gaussian Mixture Models (GMMs).
These methods worked reasonably well for genre classification, but they fell short when it came to mood, where emotional nuance is difficult to capture through acoustic features alone. A song with a fast tempo in a major key might just as easily be anxious as it is euphoric. Audio features alone simply cannot resolve that ambiguity.
The underlying constraint is structural. Without semantic context, acoustic analysis cannot fully account for how humans emotionally experience music.

B. Generation 2.0: Lyric-Only NLP Models
The second wave introduced lyric analysis into the picture. NLP models including Recurrent Neural Networks (RNNs) and transformer architectures like BERT were applied to song text with the aim of extracting sentiment and emotional cues.
On the surface, this looked like meaningful progress. And in some respects, it was.
Systems built around lyric analysis performed well on songs with explicitly emotional language. However, they were fundamentally blind to musical delivery. A melancholic poem set against a driving, upbeat melody would consistently be labeled sad, simply because the system never heard the music it was classifying.
These systems understood words. They did not experience music.

C. Commercial Platforms: Metadata Without Intrinsic Analysis
Major commercial platforms, including Spotify and Apple Music, took a different path. Rather than analyzing audio or lyrics directly at inference time, they relied on Collaborative Filtering - learning from large volumes of user listening behavior - supplemented by metadata such as genre tags, artist information, and release year.
At scale, this worked surprisingly well. Recommendation engines produced results that users found broadly satisfying, and the approach was commercially defensible.
But it has a fundamental flaw: these systems learn what users have already listened to, not what a song actually contains. A track released last week, with no listening history, gets classified poorly or not at all. A song that an artist labeled a particular genre may carry emotional content that diverges entirely from genre expectations.
This cold-start problem is the Achilles’ heel of behavior-driven classification. Without prior engagement data, the system has no real basis for categorization. It’s commercially workable but intrinsically incomplete.

D. Critical Gaps Across Existing Models
Stepping back across all three generations, certain structural weaknesses appear consistently.
The most pervasive is mono-modal analysis. The vast majority of published work addresses either audio or text in isolation. The combined emotional signal the one human listeners naturally process when they hear a song is largely absent from classification pipelines.
A related problem is weak hybrid fusion. The small number of systems that do attempt multimodal classification typically perform early fusion, concatenating raw features before training begins. This prevents each modality from building its own independent representation, which in turn limits the model’s ability to weigh conflicting signals from audio and lyrics appropriately.
Third, commercial systems depend heavily on metadata rather than intrinsic content, creating a circular dependency on historical listening data instead of actual musical understanding.
Finally, almost all classifiers predict a single mood label from a narrow predefined set, which fails to capture the emotional complexity of music a song rarely maps cleanly onto one emotion.

E. Positioning the Song Mood Classifier Within This Context
The Song Mood Classifier we propose here is not simply an extension of existing work. It represents a structural rethinking of the problem.
Rather than treating audio analysis, lyric analysis, and mood prediction as sequential steps in a pipeline, the hybrid model processes them through a unified dual-branch architecture. Each input song generates both a spectrogram and a tokenized lyric representation; these are processed independently through a CNN and an NLP branch before their probability vectors are concatenated and passed to a shared fusion layer.
This late fusion approach gives each branch the space to build a complete representation of its own modality. It also makes the model more resilient: if one modality is missing or noisy, the system can lean more heavily on the other.
The pattern in the literature is consistent systems improve along one dimension while remaining blind to another. Our approach targets the fusion gap directly, not through interface improvements, but through architectural redesign.
The question was never whether music classification technology exists. It clearly does.
The more interesting question is whether these systems understand music the way listeners do: by simultaneously hearing what is being performed and understanding what is being said.

III. Proposed System Architecture: The Hybrid Dual-Branch Model
Systems tend to fail quietly. Not by crashing, but by consistently classifying things incorrectly and no one notices until a playlist recommendation goes badly wrong.
The Song Mood Classifier is designed to address that kind of failure at the architectural level. Rather than adding features onto an existing approach, we restructured how two fundamentally different data types — audio signals and natural language are processed and combined into a single mood prediction. The model follows a Hybrid Dual-Branch design with a shared fusion layer at the output stage.
The objective is straightforward: improve classification accuracy by building a system that both hears the music and understands what is being said in it.

A. Architectural Overview
The system is organized into three components that work in parallel:
· Audio Branch (Branch 1) - Processes the audio file
· Lyric Branch (Branch 2) - Processes the lyric text
· Fusion Layer - Combines outputs and produces final mood classification

This separation is deliberate. Each branch is allowed to specialize - to learn the patterns most relevant to its modality without interference from the other. A CNN is well-suited to recognizing spatial patterns in spectrogram images; a transformer model is well-suited to capturing the sequential meaning in text. Forcing both data types through a single shared model would degrade both.
The two branches communicate only through probability vector concatenation at the fusion stage, ensuring that the final classification has access to the full predictive output of both modalities before a decision is made.

B. Audio Branch (Branch 1): Feature Extraction and CNN
The audio branch is, in a sense, where the system listens. When an audio file is submitted, this branch becomes responsible for half of the final classification.
Feature extraction is handled by the Librosa library. For each audio file, we extract four types of features:
· MFCCs (Mel-Frequency Cepstral Coefficients) - Capture timbral texture
· Chroma Features - Represent harmonic and tonal content
· Spectral Contrast - Measures the difference between peaks and valleys in the spectrum
· Tempo - Captures rhythmic pace in beats per minute

The audio file is also converted into a Mel spectrogram a time-frequency representation that captures how the audio energy is distributed across frequencies over time. This spectrogram is treated as an image and fed into a Convolutional Neural Network, which learns to recognize spatial patterns in the audio signal much as a CNN recognizes patterns in a photograph.
The CNN architecture includes convolutional layers for feature map extraction, followed by pooling layers to reduce spatial dimensionality, and dense layers that output a probability distribution across the target mood classes.
One practical constraint worth acknowledging: audio quality directly affects feature extraction. Background noise, compression artifacts, and inconsistent recording conditions can degrade the signal before it ever reaches the model. We apply normalization during preprocessing to reduce this variability, but the system does not assume clean input.
No system should. This one doesn’t.

C. Lyric Branch (Branch 2): NLP and Sentiment Analysis
The lyric branch is where the system reads the song. Lyrics are submitted alongside the audio file, either retrieved from an external database or provided directly by the user.
Text processing follows a four-step pipeline:
1. Preprocessing - Tokenization, stop-word removal, and normalization
2. Embedding - Text is passed into a pre-trained BERT transformer model
3. Sentiment and Emotion Extraction - The model outputs contextual representations of the lyric's emotional content
4. Probability Output - A probability distribution over mood classes is generated

BERT’s bidirectional attention mechanism is particularly well-suited to lyric analysis. It captures not just the sentiment of individual words, but the emotional meaning that emerges from the sequence as a whole which matters enormously for music, where irony, metaphor, and non-literal language are commonplace. A simpler bag-of-words model would consistently misread these cases.
For deployments where computational resources are constrained, a lighter Tf-Idf vectorization approach via Scikit-learn can substitute for BERT, trading some accuracy for faster inference.

D. Fusion Layer: Combining the Branches
The fusion layer is where the system reaches its verdict.
The probability vectors produced by the CNN (audio branch) and the NLP model (lyric branch) are concatenated into a single combined feature vector, which is then passed through a set of dense fully-connected layers. These layers learn, through training, how to weight the contributions of each modality and produce a final mood label.
This decision-level fusion strategy also called late fusion preserves each branch’s independently developed representation. The fusion layer learns to resolve conflict: a song with energetic instrumentation but melancholic lyrics will produce a nuanced combined prediction rather than defaulting entirely to one branch or the other.
The output is a single mood label drawn from our target set: Happy, Sad, Calm, or Energetic.

IV. The Classification Algorithm: Mood Scoring Logic
Not all songs fall neatly into one emotional category. Systems that assume otherwise tend to fail in precisely the cases that matter most.
Consider a fast-tempo song in a major key it could be read as energetic or as genuinely happy. A slow minor-key ballad might register as calm or as deeply sad. And when the audio and lyric signals point in opposite directions, single-branch classifiers almost always get it wrong. These ambiguous cases are exactly where the hybrid approach shows its value.
We address classification ambiguity through a two-stage process: independent branch scoring followed by learned fusion.

A. Problem Definition
Single-modality classification does not generalize well. It introduces systematic errors in songs where the emotional content is encoded differently across the audio and lyric channels.
Most existing systems classify a song based on either its acoustic characteristics or its lyric sentiment. Both approaches are incomplete in ways that compound rather than cancel out. Audio-only classification misses lyric meaning; lyric-only classification ignores musical performance. Neither captures the full emotional picture that listeners actually experience.
A genuine solution must evaluate both signals independently and then combine them in a principled way. The algorithm also needs to be efficient enough to run at inference time.

B. Input Parameters
The accuracy of the final classification depends on the quality of inputs arriving from both branches. Four types of parameters feed into the prediction:
· Audio Features (MFCCs, Chroma, Spectral Contrast, Tempo) - Captured via Librosa and processed through the CNN branch
· Spectrogram Image - Visual representation of frequency patterns over time
· Lyric Text - Preprocessed and embedded through the BERT or Tf-Idf lyric branch
· Branch Confidence Scores - Each branch outputs a probability distribution, representing classification confidence per mood class

Each parameter contributes to the outcome. None of them, on its own, is sufficient.

C. Algorithm Design
The classification algorithm operates as a dual-branch probability fusion model. Each branch independently produces a probability vector across the four mood categories.
A simplified representation of the fusion logic is:
Final Mood Score = Dense(Concat(P_audio, P_lyric))
In this formulation, P_audio is the probability vector from the CNN audio branch and P_lyric is the probability vector from the NLP lyric branch. Concat denotes vector concatenation, and Dense refers to the fully-connected fusion layer that has been trained to weight the two branch outputs optimally.
Crucially, the fusion weights are not manually set. They are learned during training through backpropagation, which means the model discovers the optimal balance between audio and lyric signals from the data itself including how that balance should shift for different types of songs.
The full inference process proceeds as follows:
5. Receive audio file and corresponding lyric text
6. Extract audio features using Librosa; generate spectrogram
7. Preprocess lyric text; tokenize and embed using BERT
8. Pass audio features through CNN branch; obtain P_audio
9. Pass lyric embeddings through NLP branch; obtain P_lyric
10. Concatenate P_audio and P_lyric; pass through fusion dense layers
11. Output final mood classification label

V. Tools, Technologies, and Dataset
Working with music data at any meaningful scale requires tools that balance model accuracy with practical development and deployment constraints. Our technology stack reflects that balance.

A. Dataset
We train the system on two publicly available, labeled music datasets:
· DEAM (Database for Emotional Analysis of Music) - Contains audio tracks with valence and arousal labels that can be mapped to discrete mood categories
· Million Song Dataset - A large-scale dataset providing audio features and metadata for over one million songs
· Corresponding lyric data - Retrieved via lyric APIs and aligned with the audio dataset by track ID

Preprocessing involves cleaning and aligning audio files with their corresponding lyrics and mood labels. Where datasets provide continuous valence/arousal scores, we map these to our four discrete categories: Happy, Sad, Calm, and Energetic.

B. Backend and Core Logic
Python serves as the primary programming language, chosen for its mature machine learning ecosystem and broad library support. Data handling relies on Pandas for tabular operations and NumPy for numerical computation.

C. Audio Processing
Librosa is the backbone of the audio processing pipeline. It handles MFCCs, chroma features, spectral contrast, tempo extraction, and Mel spectrogram generation. Audio files are loaded, normalized, and converted into fixed-length feature vectors suitable for model input.

D. Machine Learning and Model Building
The two branches draw on different model architectures suited to their respective data types:
· CNN (Convolutional Neural Network) - Built using TensorFlow and Keras; processes spectrogram images and extracted audio features to learn acoustic mood patterns
· BERT / RNN - Implemented using the HuggingFace Transformers library (for BERT) or Scikit-learn with Tf-Idf vectorization (for the lighter RNN variant); processes lyric text for sentiment and emotion classification

The fusion layer is implemented as a multi-layer dense network in Keras, combining the probability vectors from both branches into a final classification.

E. Frontend Prototype
For the user-facing prototype, we built a Streamlit web application. Streamlit makes it straightforward to build interactive machine learning demos without significant frontend overhead. Users can upload an audio file, enter or paste corresponding lyrics, and receive a mood classification in real time.

F. Database
Dataset storage relies primarily on CSV and JSON files. A lightweight SQLite database is used where needed to track model evaluation results across experimental runs.

VI. Socio-Technical Considerations: Why Music Classifiers Miss
Technology executes instructions reliably. Human emotional experience, unfortunately, does not.
Most mood classifiers do not fail because of poorly written code. They fail because the emotional categories used to label music are culturally situated, contextually dependent, and vary meaningfully across individual listeners. A song tagged as Calm in one cultural context might read as Sad in another. The same song heard at different moments in a person’s life can evoke entirely different emotional responses.
This section examines those constraints practically rather than in the abstract.

A. Subjectivity of Mood Labels
The mood labels in training datasets are assigned by human annotators whose judgments are shaped by their cultural backgrounds, personal histories, and the specific annotation guidelines they were given. Disagreements between annotators are common, particularly for songs with complex or ambiguous emotional content.
This introduces noise directly at the data level. A model trained on ambiguous labels will learn ambiguous category boundaries and no architectural sophistication can fully compensate for fundamentally unclear training signal.

B. The Lyric-Audio Divergence Problem
A number of songs deliberately exploit a mismatch between their audio and lyric emotional content. Upbeat, high-energy instrumentation layered over melancholic or ironic lyrics is a well-established artistic device. Mono-modal classifiers cannot handle this they commit to one channel or the other, producing a label that captures only half of what the artist intended.
Our hybrid model partially addresses this through the fusion layer, which learns to navigate conflicting signals. How well it does so in practice depends on whether the training dataset contains enough of these divergent examples to generalize from.

C. Language and Cultural Scope
BERT’s lyric branch performs best on English-language text. For music catalogs that span multiple languages, extending this approach would require fine-tuning on language-specific data or adopting a multilingual transformer architecture like mBERT or XLM-RoBERTa both of which add computational cost and pipeline complexity.

VII. Implementation Roadmap: From Design to Deployment
A well-designed architecture is only as useful as its implementation. In our experience, machine learning systems most often break down not because the model design was wrong, but because implementation was rushed, training data was misaligned, or evaluation was superficial.
Building the Song Mood Classifier requires a staged development process methodical, incremental, and honest about what each phase is meant to validate.
We organize the roadmap into four phases, each targeting a specific layer of risk: data integrity, model correctness, integration quality, and empirical validation.

A. Phase 1: Data Collection and Preprocessing
Good modeling begins with clean data, not assumptions about data quality.
Phase 1 focuses on assembling and aligning the training dataset:
· Collect audio tracks from DEAM and Million Song Dataset
· Retrieve corresponding lyrics and align with audio files by track ID
· Map continuous valence/arousal labels to discrete mood categories: Happy, Sad, Calm, Energetic
· Normalize audio files to consistent sample rate and duration
· Apply NLP preprocessing to lyric text: tokenization, stop-word removal, and case normalization

This phase is data-intensive and unglamorous. It also determines the ceiling on everything that follows.
Skipping or rushing preprocessing is the most reliable way to produce a model that performs well in development and fails in practice.

B. Phase 2: Model Development (Branch Training)
Once the data is in order, we train each branch independently before attempting fusion.
The audio CNN is trained on spectrogram images and Librosa-extracted features. The lyric BERT or RNN model is fine-tuned on the labeled lyric dataset. We evaluate each branch independently using accuracy and F1 score to confirm that both achieve meaningful performance above baseline before we proceed.
The goal at this stage is modular validation, not end-to-end performance.
Specifically, this phase involves:
· Audio CNN is tested for accuracy on held-out audio samples
· Lyric NLP model is evaluated on held-out lyric samples
· Initial baseline metrics are recorded for each individual branch

C. Phase 3: Fusion and Integration
Once both branches have been validated individually, we integrate them into the full hybrid model. The fusion dense layer is trained on the concatenated probability vectors from both branches.
This is typically where unexpected complexity surfaces.
The key objectives for this phase are:
· Train fusion layer on combined branch outputs
· Evaluate hybrid model accuracy against individual branch baselines
· Identify cases where fusion improves or degrades classification
· Test Streamlit UI with end-to-end song upload and mood prediction

Feedback loops are essential here. When the hybrid model misclassifies a song, we need to understand whether the failure originates in the audio branch, the lyric branch, or the fusion layer — and that distinction drives different remediation strategies.

D. Phase 4: Evaluation and Reporting
After successful integration, we evaluate the full system comprehensively.
Evaluation involves:
· Computing accuracy, precision, recall, and F1 score for each mood class
· Generating a confusion matrix to identify systematic misclassifications (e.g., Calm confused with Sad)
· Comparing hybrid model performance against audio-only and lyric-only baselines
· Documenting cases of lyric-audio divergence and model behavior on ambiguous inputs

The central hypothesis to validate: does the hybrid model achieve measurably higher classification accuracy than either individual branch alone? The magnitude of that improvement, and the specific mood categories where it is most pronounced, will constitute the primary empirical contribution of this work.

VIII. Results (Expected)
Once the prototype is complete, this section will present full performance metrics and qualitative observations from end-to-end testing.

A. Model Performance Comparison
We expect results across three model configurations:

	Model
	Input Modality
	Expected Accuracy

	Audio-Only (Baseline)
	Audio (CNN on Spectrogram)
	[To be populated]

	Lyrics-Only (Baseline)
	Lyric Text (BERT/RNN)
	[To be populated]

	Hybrid Model (Proposed)
	Audio + Lyrics (CNN + BERT)
	Expected highest



B. Final Evaluation Metrics
We will report the following metrics upon completion:
· Confusion Matrix - To visualize per-class accuracy and identify systematic misclassifications between mood categories (e.g., how frequently Sad is confused with Calm)
· Accuracy - Overall percentage of correctly classified samples across all mood categories
· F1 Score - Harmonic mean of precision and recall per class, providing a balanced performance measure particularly useful given potential class imbalance in the dataset

IX. Conclusion and Future Scope

Conclusion
This paper presents a hybrid AI model for automated song mood classification that targets the core limitation of mono-modal analysis prevalent in existing systems. By combining acoustic signal processing with natural language understanding of lyrics, the proposed classifier develops a more complete picture of a song’s emotional content one that more closely approximates how human listeners actually experience music.
The dual-branch architecture with a CNN handling audio spectrograms and a BERT-based NLP model handling lyric text allows the system to analyze both what is being performed and what is being communicated. Late-stage fusion then allows the model to reconcile any tension between these two signals and arrive at a mood classification that neither branch could reliably produce on its own.
The system has practical applications in personalized music recommendation, automatic playlist generation, and richer music discovery features for streaming platforms.

Limitations
Several constraints limit the current implementation:
· Model performance is strongly dependent on the quality, size, and annotation consistency of the labeled training dataset. Noisy or ambiguous mood labels in the training data will degrade classification boundaries.
· Classification is limited to four to five discrete mood categories (Happy, Sad, Calm, Energetic). Complex or nuanced emotional states bittersweet, nostalgic, anxious are outside the current scope.
· The lyric branch performs optimally on English-language text. Multilingual music classification requires additional model fine-tuning or multilingual transformer architectures.

Future Scope
We identify the following as high-priority directions for future work:
· Multi-label Classification — Enhance the model to predict multiple simultaneous moods for a single song, reflecting the emotional complexity of music more accurately
· Real-time Analysis — Adapt the model architecture for real-time mood detection from microphone input, enabling live music mood identification
· Personalization — Integrate the model with individual user profiles to learn personal mood-music associations, producing mood classifications calibrated to listener preference rather than universal averages
· Multilingual Support — Extend the lyric branch to support non-English languages using multilingual transformer models
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