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ABSTRACT

Improving search functionality poses challenges such as data scarcity
for model training, metadata enrichment for comprehensive doc-
ument indexing, and the labor-intensive manual annotation for

evaluation. Traditionally, iterative methods relying on human an-
notators and customer feedback have been used. However, recent

advancements in Large Language Models (LLMs) offer new so-
lutions. This paper focuses on applying LLMs to playlist search.
Leveraging LLMs’ contextual understanding and generative capabil-
ities automates metadata enrichment, reducing manual efforts and

expediting training. LLMs also address data scarcity by generating

synthetic training data and serve as scalable judges for evaluation,

enhancing search performance assessment. We demonstrate how

these innovations enhance playlist search, overcoming traditional

limitations to improve search result accuracy and relevance.
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1 INTRODUCTION

As amusic service, we aim to improve user experience by enhancing
retrieval mechanisms. Traditional lexical search methods use bag-
of-words indexing for relevance scoring, but struggle with natural
language queries. To address this limitation, we recently demon-
strated successful utilization of transformer based bi-encoder mod-
els for podcast semantic search [2], embedding and indexing doc-
ument sentences using an Approximate Nearest Neighbor (ANN)
search algorithm [3]. This method enables more accurate retrieval
by leveraging semantic similarity between queries and document
content.
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Our music service features Editorial Playlists (EPLs) curated by
experts and Community Playlists (CPLs) created by users. EPLs offer
polished, genre-spanning music, while CPLs cover niche interests
and trends. While EPLs provide rich data in the form of expert
curated descriptions for representation, CPLs lack metadata, posing
challenges for semantic search model development. Developing
semantic search models for playlists relies on query-clicked playlist
pairs mined from search behavioral logs. However, due to the lexical
matching nature of current search systems, these logs may lack
pairs suitable for successful semantic search. Additionally, manual
human annotation for model evaluation is challenging because
annotators must sift through the entire catalog to find all relevant
matches, making the process labor-intensive and time-consuming.

To overcome these limitations, we’ve integrated LLMs into our
ML pipeline for model development, training, and evaluation. In
upcoming sections, we review the ML model development land-
scape and detail our recent architectural enhancements leveraging
LLMs. Through a fusion of advanced retrieval methods and LLM
support, our goal is to enhance playlist search accuracy and rele-
vance, facilitating seamless discovery of audio content tailored to
customers’ preferences and interests.
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Figure 1: Enhanced ML Pipeline with LLM Assistance

2 APPROACH

Figure 1 illustrates our approach. Recent research underscores
the effectiveness of Large Language Models (LLMs) for content
enrichment[1, 5]. In the context of Community Playlists (CPLs),
which often lack the rich metadata needed for embeddings, lever-
aging LLMs offline offers an optimal solution to this challenge. By
employing the LLM expert curator to craft detailed descriptions
for CPLs, we provide the first 15 tracks to capture themes, genres,
activities, eras, and artists, resulting in highly effective descriptions.
Our approach integrates off-the-shelf models with over 100 billion
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parameters and fine-tuned Flan-T5-XL models with 3 billion pa-
rameters, fine-tuned using both CPL and editorial playlist tracks
and description data. Surprisingly, even smaller fine-tuned models
perform exceptionally well, suggesting further potential for im-
provement. Consequently, CPLs now offer richer descriptions and
user-provided titles, significantly enhancing their representation
and usability.

Transitioning from metadata enrichment to training data for
semantic models, our focus shifts towards refining the datasets
used for training. Recent research has highlighted the effective-
ness of LLMs in synthetic data generation[7, 8]. Drawing from
past experiences with semantic search models, we recognize the
paramount importance of high-quality and diverse data sources.
Fine-tuning bi-encoder models with such datasets yields substantial
improvements compared to selecting state-of-the-art models with
simplistic training datasets. Our approach encompasses a diverse
array of data sources: <query, clicked-playlist> pairs mined from
search behavioral logs provide invaluable insights despite varying
quality. Additionally, synthetic pairs generated from metadata offer
controlled datasets, leveraging the rich titles and descriptions of
both EPLs and CPLs to bolster model robustness. Completing this
trio is synthetic data generated from advanced generative models,
forming a comprehensive training framework. This approach in-
volves synthesizing queries from all playlist metadata, paired with
playlists to create training data. Subsequently, smaller models and
Amazon Titan text embeddings are utilized to generate <query,
playlist> pairs from synthetic and low-performing queries from
search logs. These pairs are scored for relevance using the LLM
expert labeller, effectively creating a mix of positive and negative
examples. This multi-faceted approach to data collection ensures
our embedding models are trained on a wide variety of rich and
high-quality data, significantly enhancing their ability to handle
real-world scenarios.

To fine-tune semantic models effectively, we employ Parameter-
Efficient Fine-Tuning (PEFT) techniques[9], building upon the train-
ing data sources outlined earlier. Techniques like Low-Rank Adap-
tation (LoRA)[6] are instrumental, introducing trainable low-rank
matrices to transformer layers, significantly reducing parameter
counts compared to full fine-tuning. This approach preserves the
original pre-trained model weights, mitigating catastrophic for-
getting, while allowing for task specialization through targeted
fine-tuning. The compact parameter footprint of LoRA leads to
substantial computational savings, enabling rapid experimentation
cycles for iterative model refinement without extensive retraining
overhead. These fine-tuned models form the foundational basis for
generating embeddings for both query and playlist metadata.

As we move from fine-tuning semantic models to the crucial
phase of evaluation, one of the prominent methods involves utiliz-
ing part of the training datasets. However, with the emergence of
new traffic patterns and evolving query structures, traditional eval-
uation approaches may fall short, necessitating a more dynamic
solution. In response to this challenge, Large Language Models
(LLMs) have emerged as effective tools for evaluation, capable of
closely approximating human judgment[4, 10] when provided with
appropriate prompts. By bootstrapping the LLM expert judge with
a smaller sample of human annotation and prompt engineering, we
can harness their judgment capabilities to streamline the evaluation
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process. This not only facilitates model iteration but also serves as a
valuable asset for daily monitoring of production models, enabling
us to promptly identify any signs of performance degradation.

3 RESULTS

Our models are evaluated on three unique datasets, each containing
ground truth query and playlist pairs: the benchmark dataset, an
internally manually annotated set; the SEO dataset, sourced from
the Search Engine Optimization (SEO) team to drive search engine
traffic; and a paraphrasing dataset, generated using an LLM for
given playlist titles and descriptions. The Table 1 illustrates the
performance enhancement achieved by incorporating LLMs into
the machine learning pipeline.

Table 1: Recall@K Improvement on Evaluation Datasets

Dataset Recall@1 Recall@3 Recall@10
Benchmark Dataset +17.1% +16.6%  +12.9%
SEO Dataset +27.1% +21.1% +16.0%
Paraphrasing Dataset ~ +32.1% +26.0%  +18.2%

4 CHALLENGES

Despite the advancements in LLMs, ensuring the quality and diver-
sity of the data used for content enrichment remains a challenge.
Since this data is used solely for generating representations and isn’t
customer-facing, the risk is low. Nevertheless, human oversight is
still necessary to maintain data quality. Scaling up LLM-based ap-
proaches for content enrichment and synthetic data generation to
handle large datasets efficiently is also difficult. It requires robust in-
frastructure and optimization strategies to process vast amounts of
data while maintaining model performance. Assessing the effective-
ness and performance of LLM-based methods, especially when used
as judges, presents challenges in terms of evaluation metrics and
interpretability. Developing reliable evaluation frameworks that
capture the nuances of LLM-generated content and training data,
as well as interpreting the decisions made by LLM-based judges,
remains an ongoing challenge in the field.

5 CONCLUSION

In conclusion, the integration of LLMs into the retrieval pipeline
presents a significant advancement in enhancing search functional-
ity and user experience. By leveraging LLMs for content enrichment,
synthesizing training data, and serving as judges for evaluation, we
have addressed key challenges such as data scarcity, metadata en-
richment, and evaluation complexity. However, challenges persist in
ensuring data quality, scalability, and interpretability of LLM-based
methods. Moving forward, continued research and development
efforts are crucial to refine LLM-based techniques, optimize infras-
tructure, and establish robust evaluation frameworks. Despite these
challenges, the innovative application of LLMs holds promise for
further elevating the accuracy, relevance, and efficiency of playlist
search results, ultimately enhancing the music discovery experience
for users.
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