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ABSTRACT

Music Search encounters a significant challenge as users increas-
ingly rely on catchy lines from lyrics to search for both new re-
leases and other popular songs. Integrating lyrics into existing
lexical search index or using lyrics vector index pose difficulties
due to lyrics text length. While lexical scoring mechanisms like
BM25 are inadequate and necessitates complex query planning and
index schema for long text, text embedding similarity based tech-
niques often retrieve noisy near-similar meaning lyrics, resulting
in low precision. This paper introduces a proactive approach to
extract catchy phrases from song lyrics, overcoming the limitations
of conventional graph-based phrase extractors and deep learning
models, which are primarily designed for extractive summariza-
tion or task-specific key phrase extraction from domain-specific
corpora. Additionally, we employ a multi-step mechanism to mine
search query logs for potential unresolved user queries contain-
ing catchy phrases from lyrics. This involves creation of word and
character k-gram index for lyric chunks, careful query and lyrics
domain-centric normalization (and expansion) and a re-ranking
layer incorporating lexical and well as semantic similarity. Together
these strategies helped us create a high retrieval source specifically
for serving lyrics intent queries with high recall.
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1 INTRODUCTION

"It’s the hook that brings you back", sang Blues Traveler in their iconic
song "The Hook "l In the realm of music discovery and search, users
often turn to memorable lines or phrases from songs to find new
releases or rediscover classics. However, integrating a long text field
like lyrics in a heterogeneous entity like Music track that has other
short text fields like track title, artist name etc. is technically very
challenging in Lucene based index. Ekanayake et al. [4, 5] and [6]
proposed using hybrid indexing approaches combining Lucene with
relational databases to improve query performance. [21] highlights
that Lucene’s scoring function [15] can lead to lower ranking for
longer fields due to field normalization factors, also the ambiguity
and variability in BM25 implementation across systems [22] can
impact retrieval performance for heterogeneous data with long text
fields. These studies highlight the importance of meticulous query
planning, specialized indexing and optimized scoring functions to
effectively handle heterogeneous entities with large text fields.

Similarly embedding based retrieval for lyrics can face significant
challenges. As highlighted in [23] and [13], longer text sequences
can introduce noise, potential loss of context and semantic drift.
Recent studies [7] indicate that song lyrics have become simpler
and more repetitive over the last fifty years, particularly in pop
and rap. This trend of using common vocabulary leads to heavy
noise in retrieval if vector search is used. We even investigated the
efficacy of several variants of sentence transformer[19] models?
e.g. Roberta[14], XLM-R[2] etc. pre-trained on text entailment or
paraphrasing objective, as well as open domain question answer
models like Dense Passage Retriever(DPR) [12], using varying sizes
of lyric segments(chunks). Our findings indicate significant noise in
retrieval, with these models consistently failing to retrieve results
containing lyrics that match the exact query phrases, necessitating
alternative approaches for effective information retrieval from song
lyrics.

To address the multiple challenges discussed above, this paper
proposes a framework comprising of two key components, a key
phrase extraction mechanism that helps us proactively mine catchy
phrases from song’s lyrics that we anticipate beforehand to be part
of user search queries and an offline search query logs mining tech-
nique to find candidate tracks for unresolved queries that had lyrics
as their intent. Our integrated approach provides a comprehensive
mechanism for making songs searchable by their lyrics.
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Figure 1: Lyrics Key Phrase Extractor
2 SYSTEM DESIGN

To address the previously outlined challenges we propose develop-
ment of a custom solution that employs a mixture of strategies to
curate a list of high-quality candidate catchy phrases.

2.1 Unsupervised Key Phrase Extraction

Catchy phrase extraction from song lyrics is challenging due to the
lack of specialized datasets and the poor adaptability of domain-
specific pre-trained models like SpanBert [10] and keyphrase ex-
traction models* [9]. Figure 1 shows our two pronged approach to
discover catchy phrases in lyrics.

2.1.1 Candidate Key Phrase Generation. To enhance recall, we
employ a multi-faceted approach for creating a list of candidate key
phrases.

(1) High Frequency Ngrams: In various musical genres, catchy
phrases frequently recur in lyrics. We apply frequency-based
ngram extraction and multi-layer heuristic pruning to iden-
tify these recurring patterns.

(2) Noun Chunks: We leverage Spacy’s® noun chunk extractor
to identify and extract noun phrases.

(3) Grammar Curation: We employ in-context learning [3] from
Large Language Models® to generate artist and genre specific
grammars [1] for the extraction of phrases that better reflect
their unique styles and characteristics.

2.1.2  Lyrics Keyword Graph. Off-the-shelf keyword graph libraries
like pytextrank? utilizing TextRank [17] and variants [8, 20] create
keyword lemma graphs from words with noun, pronoun, or verb
POS tags, catering to extractive summarization. Our approach em-
ploys a custom tailored keyword lemma graph creation, including
words with predefined POS tags prominent in songs. We adopt
TextRank’s [17] methodology for word scoring, phrase scoring, and
graph construction.

2.2 Search Query Logs Mining

Our approach maps high-volume, unresolved queries with potential
lyrical intent to relevant tracks, ensuring accurate and user-aligned
results for repeat queries. To counter the previously discussed chal-
lenges of using lexical and embedding based indices, we developed
an offline mechanism that uses hybrid index build on lyrics chunks
[11] comprising of lexical K-gram[16, Section 3.3.3] and a character
n-gram index. While word k-gram index proved effective in retriev-
ing lyrics chunks with exact n-grams as search query, character
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Figﬁre 2: Query Search Log Mining

n-gram index boosted recall when query tokens were not in correct
order or near similar words were used e.g. betcha instead of bet you.

Figure 2 shows the high level retrieval and ranking workflow.
To improve lexical relevance we further apply a Scrubber layer that
handles various normalization like contractions’, paraphrasing e.g.
"wanna" to "want to" etc. Retrieved results are re-ranked by using
scoring mechanism that boosted precision by combining lexical
similarity, semantic similarity from a cross encoder ® model and
incorporating various business critical rule.

3 RESULTS

Table 1 presents the recall@k metric for the methods described in
section 2.1 and 2.2 relative to benchmark Bags Of Words(BOW)!?
performance . To evaluate the recall performance of Log Mining
method described in 2.2, we indexed [18] dataset that comprises of
lyrics of tracks from 1950 to 2019.

Method Recall@1 | Recall@3 | Recall@5
Key Phrase Extraction 32.14% 44.28% 64.28%
Log Mining(LM) Retrieval 66.42% 73.92% 82.85%
LM Retrieval + Re-ranking 87.85% 86.42% 88.21%

Table 1: Recall@K Metrics for Lyrics Retrieval Techniques

Due to the absence of benchmark datasets for catchy lyrics
phrases, we curated data for catchy phrasesin lyrics of popular tracks
from various crowd-sourced Reddit threads'® 1! and enhanced its
quality by manually verifying that other major music streaming
platforms were able to find relevant tracks for the given queries.

4 CONCLUSION AND NEXT STEPS

Our consolidated approach, which merges unsupervised key phrase
extraction with search logs mining, effectively enhances song dis-
covery. This method is particularly effective for phrase search sce-
narios where there are constraints on resources such as training
data and technical capacity, allowing for the rapid development
of a high-performing system with limited investment. Future im-
provements should focus on tuning size of the lyrics chunks and
refining the Scrubber layer to better handle the nuances of lyric
search. Additionally efforts should be made to develop LLM Agents®
that can develop better artist and genre grammar and detect catchy
phrase spans in lyrics.

“recall@k metric = proposed method recall minus bags of words recall
TBOW recall is evaluated using dot product similarity score of lyrics and catchy phrase
one hot encoded vectors
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