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Abstract

We present a production-scale playlist curation system on Amazon Music that leverages modular architecture
and holistic LLM-powered reasoning to generate playlists. Our system leverages LLMs to reason over rich
track metadata—including genre, mood, era, sonic descriptions, and artist context—to select cohesive track sets
that satisfy both relevance and coherence criteria. We formulate the curation task under two complementary
inference paradigms: track-wise (binary classification) and list-wise (subset selection). We systematically compare
these paradigms and evaluate eight prompt variants across three design dimensions: playlist-level reasoning,
track-level reasoning and output structure. Our prompt optimization establishes that outputting only negative
tracks achieves 0.96 F1 with 84% fewer output tokens compared to naive all-track approaches. To meet production
latency and cost constraints, we develop a teacher-distillation pipeline that transfers reasoning capabilities from
Claude Opus 4.6 to Qwen3.5-4B via supervised fine-tuning, achieving comparable playlist quality with 227x cost
reduction. Evaluation via recreating both expert-curated editorial playlists and real user personalized playlists
demonstrates consistent improvements over production baselines across relevance metrics (weighted precision,
weighted NDCG) and coherence metrics (consumption similarity, valence deviation, danceability deviation).
Online A/B experiments further validate the framework with improvements in user engagement metric (+0.06%)
and user retention metric (+0.03%), confirming that LLMs can serve as effective quality gates for algorithmic
playlist curation at scale.
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1. Introduction

Music streaming platforms serve hundreds of millions of listeners with algorithmically generated
playlists [1]. These playlists—often themed around genres, artists, moods, or eras—constitute a primary
mode of music consumption and discovery. Curating a high-quality playlist is an intricate process
that carefully balances multiple dimensions, including relevance, diversity, popularity, coherence, and
serendipity [2, 3, 4, 5]. However, the algorithmic generation pipelines that populate these playlists
typically optimize for a subset of these dimensions, leading to suboptimal listening experiences: a slow
ballad disrupting a high-energy dance mix, or a punk track infiltrating an arena rock collection.

Traditional heuristic-based filtering approaches fail to capture the multi-dimensional nature of
musical fit. A track may share genre tags with a playlist yet be sonically inappropriate due to tempo,
mood, or era mismatches. Modern music recommender systems attempt to optimize multiple objectives
simultaneously but struggle to find the right balance among competing dimensions such as relevance,
coherence, and diversity. This motivates the application of models that can reason over rich track
metadata—including genre, mood, era, sonic descriptors, and artist context—and leverage broad world
knowledge to make holistic curation decisions. Modern LLMs have shown strong reasoning capabilities
on real world tasks including coding and mathematics [6]. Our works demonstrates that LLM’s reasoning
capability can effectively apply to playlist curation tasks.
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In this work, we present a framework for LLM-based playlist curation deployed at production scale
on Amazon Music. We use "production scale" to refer to the system’s capacity to process millions of
playlists under strict latency and cost constraints. Our major contributions are as follows:

« LLM-based playlist reasoning framework: We design a general-purpose LLM reasoning
framework applicable to modern playlist curation systems, in which the model determines
whether a set of songs is coherent and relevant to a given theme through chain-of-thought (CoT)
reasoning.

« Comprehensive evaluation framework: We develop datasets and metrics to assess playlist
quality across multiple dimensions of relevance and coherence, enabling systematic benchmarking
of different model and prompt variants.

« Prompt design and optimization for scalable inference: We systematically evaluate eight
prompt variants across three design dimensions—playlist-level reasoning, track-level reasoning,
and output structure—establishing an optimal configuration that achieves 0.96 F1 for track filtering
accuracy while reducing output tokens by 84% relative to the baseline prompt.

« Model distillation via supervised fine-tuning (SFT): We develop a teacher-distillation pipeline
from Claude Opus 4.6 to Qwen3.5-4B [7], achieving comparable track filtering accuracy with
227x cost reduction. The distilled model demonstrates consistent improvements over production
baselines across relevance and coherence metrics.

2. Related Work

2.1. Music Recommendation and Playlist Curation

Most prior work on playlist curation has focused on fully automatic generation without human interven-
tion. These techniques leverage various user facets and listening habits, such as temporal context [8] or
daily activities [9], with the primary goal of capturing and encoding listener preferences to recommend
songs and generate playlists [1]. Dias et al. [3] classify playlist generation algorithms into seven cate-
gories: (1) Similarity-based algorithms that rely on inter-song distances [10, 11]; (2) Collaborative filtering
methods that learn user listening behavior and recommend songs based on ratings from similar users
[12, 13]; (3) Frequent pattern mining approaches that consider both local and global patterns [14, 15];
(4) Statistical models that learn transition or interaction probabilities [16]; (5) Case-based reasoning
solutions that retrieve and adapt stored representative cases [17]; (6) Discrete optimization approaches
that satisfy defined constraints [18]; and (7) Hybrid techniques that combine advantages of multiple
approaches.

Complementary research has sought to understand creator behaviors, needs, and interaction patterns
[19, 20]. These studies demonstrate that user feedback is critical in playlist curation and should be incor-
porated to improve algorithms and engage users [21]. Notably, some listeners prefer handmade playlists
over automatically generated ones [22, 23, 24], a preference attributed to the perceived intentionality of
human curation for specific purposes or occasions.

Our work differs from fully automatic playlist generation in that we do not aim to generate playlists
end-to-end. Instead, we operate as a quality gate within an existing multi-stage pipeline, filtering
candidates produced by upstream retrieval and ranking systems. Unlike prior work that focuses on
user preference modeling or transition optimization, our approach leverages explicit chain-of-thought
reasoning over track metadata to enforce coherence and relevance criteria that are difficult to encode as
heuristic rules.

2.2. LLM-Based Recommender Systems

The incorporation of LLMs into recommender systems has emerged as a key research direction. Recent
surveys [25] categorize these methods into two paradigms: LLM-as-RS and LLM-in-RS. The LLM-as-RS
paradigm formulates recommendations as text generation tasks, leveraging LLM reasoning capabilities



to directly generate items or explanations [26, 27, 28]. However, these approaches suffer from high
inference latency, scaling challenges, and hallucination risks [25, 29]. The LLM-in-RS paradigm leverages
semantic understanding to encode text features for downstream recommendation tasks [30, 31, 32],
though using only embeddings does not exploit the full reasoning power of LLMs and introduces
challenges when fusing with other signals. A third line of work employs LLMs specifically for reranking,
which can be further divided into pointwise [33, 34], listwise [35, 36], and pairwise [37, 38] approaches.
Our methodology is most closely related to listwise reranking but differs in two key respects. First,
we focus on subset selection (retain/remove) rather than producing a total ordering. Second, unlike
prior LLM-as-RS approaches that suffer from hallucination risks when generating item identifiers, our
system operates over a closed candidate set with ordinal indices, reducing the risk of hallucinations.

2.3. LLM Reasoning

LLMs demonstrate the capacity for complex deduction and inference when logical rules and principles
are integrated into their learning process. Rather than relying solely on statistical patterns [39], they can
make decisions grounded in explicit knowledge [40] and structured logical reasoning. Reasoning with
foundation models—a rapidly advancing area of Al research—seeks to develop systems that understand
and interact with complex information in a more human-like manner [41], leveraging logical reasoning
and knowledge representation to handle abstract concepts and apply rule-based decision-making.

A central paradigm for endowing LLMs with reasoning capabilities involves pre-training on large-scale
general-domain corpora followed by task- or domain-specific adaptation. One prominent adaptation
strategy is supervised fine-tuning on reasoning datasets, where chain-of-thought (CoT) prompting is
first used to elicit reasoning paths from a capable model, and the resulting traces are then used as training
data for a target model [42, 43, 44, 45]. A complementary paradigm is reinforcement learning (RL) for
reasoning [46], which has recently gained traction as a means of incentivizing behavior alignment and
extended reasoning. Training with reinforcement learning from verifiable rewards (RLVR) [47, 6] —using
signals such as mathematical answer correctness or code unit-test pass rates—enables models to develop
long-form reasoning behaviors including planning, reflection, and self-correction, reframing reasoning
as a capability that can be explicitly trained and scaled.

In this work, We adopt the SFT-based distillation approach rather than reinforcement learning, as our
task provides clear ground-truth labels from expert-curated playlists that serve as direct supervision
signals. This choice trades the potential for emergent reasoning behaviors offered by RL for training sta-
bility, speed and reproducibility. We leave RL-based reasoning exploration—particularly with composite
reward functions combining coherence, diversity, and engagement signals—to future work.

3. Playlist Curation

3.1. System Overview

A typical playlist curation system consists of three stages [3]: (1) theme selection, (2) candidate generation,
and (3) ranking and post-processing. Theme selection determines the overall playlist concept, which
may center on genre, mood, era, cultural events, or other facets. For expert-curated or user-created
playlists, the theme is specified by a human; for algorithmically generated personalized playlists, an
algorithm selects the theme based on user preferences, listening behavior, and contextual signals.
Candidate generation retrieves songs relevant to the theme—and potentially personalized to the user—
typically employing multiple retrieval sources (embedding-based, tag-based, or heuristic-based) to
ensure diversity. While candidate generation optimizes for recall, the ranking stage optimizes for
precision by ordering more relevant candidates at the top. Then the post-processing stage would apply
additional heuristics to sequence tracks and satisfy business requirements such as diversity, coherence,
and licensing constraints.

We identify several limitations of current systems. In theme selection, algorithms may fail to
capture emerging user interests or balance long-term versus short-term preferences. In candidate



generation, systems struggle to balance relevance and diversity, producing either homogeneous but
relevant candidates or diverse but poorly targeted ones. In ranking and post-processing, fragmented
heuristics may inadvertently degrade other quality dimensions—for example, promoting a less popular
song to the top of a playlist without considering whether its sonic profile fits the surrounding tracks.
Given their extensive music knowledge and advanced reasoning capabilities, LLMs are well-suited to
address these challenges. In this work, we take an initial step by applying LLMs to the ranking and
post-processing stage. We hypothesize that LLMs can follow playlist curation criteria and reason over
rich track metadata to produce relevant and coherent song selections [5]. We plan to explore LLMs in
theme selection and candidate generation stages in future work.

3.2. Problem Formulation
Given the theme T of a playlist and a list of candidate tracks with metadata X = {x1,...,zx}, the
task is to find a subset of tracks S that maximizes playlist quality:

5 = arggnga;gQ(T, S) (1)

where S* is the optimal track set and () is the playlist quality function. Since explicitly defining () is
intractable, we consider two alternative formulations.

Formulation 1: Track-Wise Inference

We formulate playlist curation as a binary classification task in which the LLM classifies each track x;
as RELEVANT (to retain) or NOT RELEVANT (to remove):

yi = f(z;,T) (2)

where f(-) outputs a binary label y; € {0,1}, and the optimal set predicted by the model is 5* =
{z;i|yi=1,1<i< N}
This formulation simplifies the task to independent binary decisions but suffers from two limitations:

1. Lack of global context: Each decision is made independently, without awareness of other
removal decisions that should inform the conditional context.

2. Poor scalability: Each playlist requires IV inference calls, yielding O(N - M) total inferences
across M playlists.

Formulation 2: List-Wise Inference
Alternatively, we leverage the complex reasoning capability of LLMs to approximate () and generate a
coherent subset from the candidate pool:

5" =g(T, X) (3)

where g(-) outputs the selected track set and S* is the optimal set generated by the model. This
formulation provides a holistic view in which each track decision is conditioned on all other tracks,
potentially improving coherence. It also reduces inference calls to O(M )—one per playlist—though
with longer input and output sequences. The quality function () is implicitly learned by the model
rather than explicitly defined. We compare these two formulations empirically in Section 6.

4. Prompt Design and Optimization

4.1. Track-Wise Prompt

The track-wise prompt comprises the following components:



1. Curation Guidelines: A set of curation principles gathered from expert curators and industry
references (e.g., “Consider musical lineage, cultural context, artistic movements, and thematic
resonance”).

2. Playlist Theme: A description of the playlist theme, including metadata such as title and
description, as well as theme identifiers from upstream systems (e.g., seed songs or seed artists).

3. Track Metadata: A rich set of metadata collected and produced by complementary systems,
including internal tags, title, album, artists, sonic properties, text descriptions, and popularity.
Text descriptions are generated by a separate multi-modal language model.

4. Output Guidelines: The prescribed output format, instructing the LLM to provide chain-of-
thought reasoning before rendering a verdict of RELEVANT or NOT RELEVANT.

An example prompt template can be found in Appendix A. We find that chain-of-thought reasoning
significantly improves verdict accuracy in offline experiments. We calibrate reasoning length to satisfy
latency and scalability requirements. Additionally, we find that using XML tags for the verdict enables
reliable output parsing.

4.2. List-Wise Prompt

The list-wise prompt shares the same Curation Guidelines, Playlist Theme, and Track Meta-
data components, with track metadata encompassing all IV candidates. For Output Guidelines, we
systematically vary three independent design dimensions across eight prompt variants:

1. Playlist-level reasoning: Whether to prepend a high-level description of the ideal playlist
structure before individual track decisions.

2. Track-level reasoning: Whether to require per-track justification before the verdict.

3. Output structure: Whether to emit all tracks, negatives only, or positives only.

An example prompt template that emits negative tracks only can be found in Appendix A. This factorial
design addresses two research questions: (1) How much reasoning is necessary for accurate curation?
(2) Which output structure best balances latency and quality?

5. Supervised Fine-Tuning via Teacher Distillation

Production systems impose strict latency and cost budgets on each component. We observe that
proprietary frontier LLMs, such as Claude Opus 4.6, cannot meet these constraints. Instead, we propose
distilling a frontier model’s curation judgments into a smaller open-source model via supervised
fine-tuning (SFT). We hypothesize that the smaller model can achieve comparable performance after
distillation while delivering substantially lower latency and cost.

5.1. Training Dataset

The objective of SFT is to teach the student model to reason through track metadata and playlist themes
to produce correct verdicts. We leverage approximately 20,000 expert-curated editorial playlists as our
high-quality ground-truth dataset. These playlists are created by trained music programmers following
industry-standard track selection and sequencing guidelines, and they span a wide range of artists,
genres, eras, activities, and cultural moments.

For track-wise inference, the dataset consists of (playlist, track) pairs, where positive pairs are
drawn from original playlists and negative pairs from randomly sampled tracks of other playlists. We
apply the track-wise prompt to the teacher model (Claude Opus 4.6) to generate reasoning traces and
verdicts (RELEVANT or NOT RELEVANT), retaining only samples where the teacher’s verdict matches the
ground truth. This yields approximately 343,000 training pairs.

For list-wise inference, we construct synthetic playlists by combining original tracks (positives)
with randomly sampled tracks from other playlists (negatives). To control for playlist length and mimic



production conditions, we constrain synthetic playlists to 40-60 tracks by filtering short playlists and
downsampling long ones. The positive-to-negative ratio is set to 5:1, reflecting the empirical ratio
observed in personalized playlists. We acknowledge that this ratio creates a relatively easy classification
setting: a naive majority-class baseline that predicts all tracks as relevant would achieve 83.3% accuracy.
Therefore, we also report F1 metric to understand its capability of identifying positive tracks. We apply
the list-wise prompt to the teacher model to generate reasoning traces and track selections. Unlike
the track-wise setting, we retain all samples regardless of perfect alignment with ground truth, as the
teacher achieves high F1 (>90%) and the remaining disagreements represent genuinely ambiguous
cases that may improve model robustness. This produces approximately 40,000 training playlists.

Limitations of the teacher model. We acknowledge several limitations of using Claude Opus 4.6
as the source of reasoning traces. First, the model’s training data has a knowledge cutoff that excludes
recently released tracks and evolving genre trends, potentially biasing decisions toward well-established
artists and canonical genre boundaries. Second, the model reasons over textual metadata rather than
audio signals directly; it cannot perceive sonic qualities such as timbre, production style, or mixing
characteristics that human curators assess by listening.

We partially mitigate these limitations through two mechanisms: (1) the rich metadata representation
includes machine-generated sonic descriptions from a separate multi-modal model, providing the
LLM with audio information it cannot derive independently; (2) we retain only teacher outputs that
agree with expert-curated ground truth during training data construction, filtering out hallucinated or
incorrect judgments. Nevertheless, we do not claim the teacher model is an oracle, and future work
should incorporate direct human evaluation to establish an upper bound on teacher quality.

5.2. Evaluation Dataset

We develop two complementary evaluation datasets to assess both relevance and coherence.

5.2.1. Editorial Playlist Dataset

Following the same construction strategy as Section 5.1, we generate an evaluation set from editorial
playlists via a train-test split that prevents playlist overlap between training and evaluation. Since
ground-truth labels are available for each track, we report standard classification metrics: PRECISION,
RECALL, and F1.

5.2.2. Personalized Playlist Dataset

To validate our methods on real user behavior, we collect approximately 50,000 personalized playlists
from the platform. Since listening signals on these playlists are sparse, we additionally collect 8 weeks of
post-creation playback sessions covering each user’s listening activity across the platform. We compute
a Wilson score for each (user, track) pair based on play frequency and duration, representing observed
user preference [48]. We define the following relevance metrics:

1. Weighted Precision: For each playlist track, we look up its Wilson score from the (user, track)
pair. Tracks without observed interactions receive the population-average Wilson score as a
baseline. Weighted precision is the mean score across all playlist positions.

2. Weighted NDCG: We apply Wilson scores with position discount (1/logy(rank + 1)) and
normalize by the ideal arrangement (IDCG) at a fixed playlist length to ensure fair cross-playlist
comparison.

Furthermore, we measure the coherence of resulting playlists in terms of similarity with the theme.
Although there are different definitions of coherence [5], we define the following coherence metrics
based on how similar are the playlist songs with the thematic seed songs.

1. Consumption Similarity: Using track embeddings derived from co-listening behavior, we
compute the dot-product similarity between each track and the seed track, averaged across the
playlist.



Table 1
Comparison of inference paradigms. Throughput measured on 8x A100-SXM4-40GB GPUs.

Paradigm  Input Tokens Output Tokens Inference Pattern Throughput

Track-wise 600 400 50 calls/playlist 0.34 playlists/s
List-wise 12000 500 1 calls/playlist 7.5 playlists/s

2. Valence Deviation: Valence captures the positivity of a track (high for cheerful/euphoric, low
for sad/angry). We compute the mean squared deviation (MSD) between each track’s valence and
the seed track’s valence.

3. Danceability Deviation: Danceability captures suitability for dancing based on tempo, rhythm,
beat strength, and regularity. We compute the MSD between each track’s danceability score and
the seed track’s score.

6. Experiments

6.1. Training Setup

We use Qwen3.5-4B as student models, selected for their favorable latency-quality tradeoff in preliminary
experiments. We use AdamW 8-bit optimizer with learning rate = 2 x 1074, linear schedule and 5
warmup steps. The model is trained on 8 A100 GPUs. We also compare LoRA (r = 64) with full-rank
training to understand if there is any catastrophic forgetting effect. Loss converges after 1 epoch in all
configurations.

6.2. Scalability: List-Wise vs. Track-Wise Inference

We compare the two inference paradigms in terms of tokens and throughput. In track-wise inference,
the model evaluates one (playlist, track) pair per call, requiring approximately 50 calls per playlist.
In list-wise inference, all tracks are evaluated in a single prompt, enabling holistic reasoning over
inter-track relationships. Table 1 summarizes throughput. Despite longer input contexts, list-wise
inference achieves a 22x throughput gain—a combined effect of prompt optimization and reduced
per-playlist inference calls.

6.3. Prompt Optimization for List-Wise Inference
We systematically evaluate 8 prompt variants as described in Section 4.2, using the editorial playlist

dataset with known positive and negative labels. Results are shown in Table 2.

Table 2
Prompt ablation results for list-wise inference. The best results are highlighted in bold. * denotes recommended
configuration.

Prompt Playlist. Track . Output F1  Accuracy Output
Reasoning Reasoning Format Tokens
P1 Yes Yes All tracks 0.91 0.88 2,194
P2 No Yes All tracks 0.92 0.89 2,019
P3* No Yes (Negatives) Negatives only  0.96 0.94 344
P4 Yes Yes (Negatives) Negatives only  0.95 0.93 512
P5 Yes Yes (Positives)  Positives only 0.89 0.85 1,185
P6 No Yes (Positives)  Positives only 0.90 0.87 1,062
P7 Yes No Negatives only  0.95 0.93 218

P8 Yes No Positives only ~ 0.93 0.90 414




Overall, prompt 3 that outputs only track-level reasoning on negative tracks without playlist-level
reasoning achieves the highest F1=0.96 and accuracy=0.94, while also keeping the output tokens short.
Several findings emerge from this analysis. Output structure is the dominant factor. Negative-only
prompts achieve mean F1=0.953 versus 0.915 for all-track prompts and 0.907 for positive-only prompts.
By constraining the model to reason only about tracks to remove, attention is focused on the decision-
relevant subset—the minority of tracks that violate coherence or relevance criteria. Playlist-level
reasoning adds no measurable value on top of track-level reasoning. Comparing P3 (no playlist
reasoning) with P4 (with playlist reasoning) reveals additional output tokens without F1 or accuracy
improvement, suggesting the model does not benefit from explicitly summarizing playlist context
when per-track reasoning is already present. Based on these findings, we adopt P3 as the final prompt
configuration for all subsequent evaluations.

6.4. Evaluation Results of Distilled Models

We evaluate SFT-distilled models on the personalized playlist dataset (Section 5.2). Table 3 reports
results as percentage changes relative to the production baseline. We show models that are fine-tuned
through LoRA and full-rank modes. We compare two inference paradigms for completeness, although
track-wise inference doesn’t meet the scalability requirements in practice.

Table 3
Personalized playlist evaluation (Qwen3.5-4B). Metrics shown as percentage change over the production baseline.
1: higher is better; |: lower is better. Best results in bold.

Inference Training Weighted Weighted Consumption Valence Danceability

Paradigm Mode PrecisionT NDCG T Similarity 1 Deviation | Deviation |
List-wise None 0.0% 0.002% 0.09% -0.3% -0.17%
Track-wise LoRA -0.004% 0.012% 0.33% -3.1% -3%
List-wise LoRA 0.004% 0.028% 0.26% -1.8% -1.46%
List-wise Full-rank 0.006% 0.092% 0.26% -0.8% -1.24%

Several observations merit discussion. First, all models—including the off-the-shelf (non-fine-tuned)
Qwen3.5-4B—improve over the production baseline across both relevance and coherence metrics, indicat-
ing that LLMs possess inherent music reasoning capabilities. Second, SFT-distilled models demonstrate
significant improvements over the pretrained model, confirming that distillation successfully transfers
both appropriate reasoning traces and output formatting. Third, list-wise inference excels on relevance
metrics (weighted precision, weighted NDCG), while track-wise inference achieves stronger coherence
metrics (consumption similarity, valence deviation, danceability deviation). We attribute this to the
track-wise prompt’s longer per-track reasoning trace, which emphasizes sonic properties of individual
songs rather than holistic playlist analysis. Finally, full-rank training yields slightly better relevance
metrics than LoRA, suggesting no catastrophic forgetting and confirming that full-rank training is
appropriate for this task.

6.5. Online Experiments

We conduct an online A/B test to further validate our methods through user feedback. The experiment
is randomized on users, where the control group sees playlists from production baseline while the
treatment group sees playlists generated by the full-rank list-wise model from Table 3. Despite the
inference optimization efforts, it is still challenging and cost-prohibitive to deploy the system to the full
scale of Amazon Music. Therefore, we run the online experiment on a limited cohort of active users. After
4 weeks of experiment, we observe statistically significant improvements in user engagement metric
(+0.06%) and user retention metric (+0.03%). This verifies our hypothesis that LLM-based framework is
able to improve the relevance and coherence of playlists and lead to better user engagement on the
platform.



7. Conclusion

We have presented a framework for LLM-based playlist curation that bridges the gap between frontier
model reasoning capabilities and production-scale deployment constraints. Through systematic prompt
optimization, we established that a negative-only output structure achieves 0.96 F1 with 84% fewer tokens
than naive all-track approaches. Our teacher-distillation pipeline successfully transfers Claude Opus
4.6’s music reasoning capabilities into a deployable Qwen3.5-4B model, achieving 227 x cost reduction.
Evaluation on both editorial and personalized playlists demonstrates consistent improvements over
production baselines on relevance and coherence metrics. Online A/B experiments further validate the
framework with improvements in user engagement metric (+0.06%) and user retention metric (+0.03%),
confirming that LLMs can serve as effective quality gates for algorithmic playlist curation at scale.

7.1. Limitations

Evaluation sparsity: Consumption signals on personalized playlists are sparse, leading to high metric
variance. We partially address this by incorporating listening behavior outside of personalized playlists,
though this may not perfectly reflect playlist-specific quality. Future work should explore denser
evaluation methodologies.

Negative sample quality: The current editorial dataset uses randomly injected tracks as negatives,
creating relatively easy classification examples. Hard negatives—tracks that are sonically similar
but thematically inappropriate (e.g., wrong era within the same genre, similar BPM but mismatched
mood)—would better stress-test model capabilities and improve robustness.

Scalability constraints: Despite prompt optimization and model distillation, the framework still
requires one LLM inference per playlist across millions of playlists. This poses cost and scaling
challenges in production environments with limited GPU resources.

Teacher model as ground truth: Our distillation pipeline relies on Claude Opus 4.6 as the source
of reasoning traces, inheriting its limitations including knowledge cutoff, inability to perceive audio
directly, and potential hallucination of musical relationships. We plan to evaluate the quality of teacher
model output in future work.

Narrow task scope: The LLM is applied only to the ranking and post-processing stage, filtering
approximately 15-20% of candidates from pre-curated pools of 50 tracks. The more challenging and
potentially higher-impact applications—theme selection, candidate generation from large catalogs, and
sequential track ordering—remain unaddressed.

7.2. Future Work

Several directions are worth further investigation. First, we plan to improve training and evaluation
datasets through hard negative mining—generating negatives that are sonically similar but thematically
inappropriate (e.g., 1980s rock tracks for a 1990s rock playlist)—to enable finer-grained coherence
reasoning. Second, we intend to explore reinforcement learning with composite reward functions that
jointly optimize coherence, diversity, and engagement. Third, we aim to apply LLM reasoning to other
stages of playlist curation, including theme selection and playlist description generation. Finally, we
plan to evaluate whether LLM-based curation reasoning transfers to other recommendation domains
such as video or product recommendations.

Declaration on Generative Al

During the preparation of this work, the author(s) used Claude Sonnet in order to: Grammar and
spelling check. After using these tool(s)/service(s), the author(s) reviewed and edited the content as
needed and take(s) full responsibility for the publication’s content.
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A. Prompt Template

Track-wise Prompt Template

You are an expert music curator with deep knowledge of genres, artists, musical styles, and
playlist curation best practices. Analyze whether this track fits the given playlist theme.

## Playlist Theme

{playlist theme}

## Track Metadata

{track metadata}

## Curation Guidelines

{curation guidelines}

## Output Guidelines

Provide step-by-step analysis and explore the connections you discover. Then conclude with:
RELEVANT or NOT RELEVANT

List-wise Prompt Template

You are an expert music curator with deep knowledge of genres, artists, musical styles, and
playlist curation best practices. Analyze whether the candidate tracks fit the given playlist theme.
## Playlist Theme

{playlist theme}

## Candidate Tracks Metadata

{candidate tracks metadata}

## Curation Guidelines

{curation guidelines}

## Output Guidelines

Only output the tracks that need to be removed. For each track to be removed, output one line
in this exact format: [track number] [reason to remove]
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