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Abstract

Information Retrieval (IR) increasingly relies on subjective, graded,
and natural-language notions of relevance, motivating the develop-
ment of reproducible test collections for ranking and recommen-
dation. In affect-sensitive music domains, however, such resources
with human-validated relevance signals remain scarce. We intro-
duce CalmSet, a test collection for emotion-tagged music retrieval
and recommendation in a therapeutic context for children with
Autism Spectrum Disorder (ASD). CalmSet contains 432 modular
music tracks instantiated from four purposefully composed base
songs with controlled provenance, each formed by distinct combi-
nations of seven active musical layers. Each track is annotated with
ranked top-3 therapeutic intent labels and natural-language descrip-
tions. Annotations are produced via a hybrid human-in-the-loop
pipeline: CLAP proposes candidate intent labels, a large language
model generates auxiliary semantic descriptions, and crowd work-
ers provide ranked judgments without exposure to model outputs;
final labels are aggregated using a Borda-based procedure. As initial
baselines, we evaluate five one-vs-rest multi-label classifiers over
CLAP audio embeddings, observing moderate micro-F1 scores (up
to 0.60) but low exact-match accuracy (<0.10), while top-3 label
overlap is substantially higher (Jaccard@3 up to 0.48), motivating
graded-relevance evaluation. CalmSet supports both sparse (e.g.,
BM25) and dense audio—text retrieval models using therapeutic
labels or natural-language descriptions as queries.
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1 Introduction

Information retrieval (IR) research increasingly addresses retrieval
problems in which relevance is subjective, graded, and expressed in
natural language, including recommendation, multimodal search,
and domain-specific retrieval tasks [41]. This trend has motivated
neural representation learning and multi-stage ranking pipelines
that combine strong lexical baselines (e.g., BM25 [33]) with dense
retrieval and neural reranking [17, 19, 30]. However, progress in
such settings depends critically on well-specified test collections
with reproducible evaluation protocols [29, 42].

Music Information Retrieval (MIR) has made substantial progress
in modeling affect, similarity, and semantics in music [24], but most
publicly available music emotion resources [16] were created for
general-purpose listening contexts. As a result, they often conflate
emotion with genre/style cues, and their annotations (e.g., tags
or broad listener impressions) can be difficult to interpret as re-
trieval relevance in affect-sensitive applications. Therapeutic music
for children with Autism Spectrum Disorder (ASD) exemplifies a
high-stakes, affect-sensitive retrieval setting [36]. These children
may exhibit atypical auditory processing and heightened sound
sensitivities where specific sounds can trigger distress or sensory
overload rather than regulation [4, 26]. In this context, music is in-
tentionally selected to support regulation and engagement [28, 52];
small variations in rhythm, texture, or instrumentation can substan-
tially change perceived affect [10, 28]. These constraints expose a
domain mismatch: retrieval and recommendation models trained
on generic corpora may not generalize when relevance depends on
subtle affective intent rather than coarse mood labels.

Existing datasets for Music Emotion Recognition (MER), includ-
ing PMEmo [56], DEAM [3], XMusic [44], and GlobalMood [22],
have driven progress in affect modeling [54]. Recently, contrastive
audio-language models such as CLAP [7] and AST [9] enabled zero-
shot annotation and cross-modal retrieval by aligning audio and text
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representations [53]. Yet in specialized domains, zero-shot predic-
tions and generic emotion vocabularies can be noisy or ambiguous,
limiting their use as reliable relevance signals for IR evaluation.

To address this gap, we introduce CalmSet, a crowdsourced test
collection for emotion-conditioned music retrieval and recommen-
dation in a therapeutic domain. CalmSet is derived from a controlled,
modular music corpus purposefully composed for children with
ASD [18, 27]. Each song is constructed from seven rhythmic and
instrumental layers, each with up to three alternatives that can be
combined independently, yielding a structured musical space with
over 10K possible variations. From this corpus, we curate a subset
of 432 tracks (~2.5 minutes each) that spans diverse affective intent
while maintaining consistent production quality. Critically, while
the 432 tracks derive from four base songs, each was purposefully
designed with distinct timbral, stylistic, and motivic profiles across
seven audio layers and fifteen sublayers, yielding genuine acoustic
and affective diversity rather than superficial variation [18, 27].
Unlike scraped music collections, controlled provenance reduces
issues arising from genre and recording variability, making CalmSet
suitable for benchmarking retrieval models under affect-sensitive
constraints.

Our annotation pipeline integrates machine learning, natural
language generation, and crowd-sourced validation. We first apply
CLAP to perform zero-shot audio classification, assigning cosine
similarity scores across eight emotional tags defined in consulta-
tion with composers. The top three tags with the highest scores
are used to represent each track’s predicted emotions, and GPT-40
generates natural-language descriptions conditioned on these tags.
Although CalmSet targets a specialised therapeutic context, the
annotation task was deliberately scoped to emotional perception
rather than clinical assessment, a distinction validated through it-
erative discussion with music composers on our research team and
prior work available on this topic [40]. Since emotional responses to
music are grounded in general auditory perception, crowd workers
are well-positioned to provide meaningful affective judgements
without requiring domain expertise in ASD; the specialised knowl-
edge of our collaborators instead informed the tag vocabulary and
corpus design upstream of the annotation stage. To validate these
outputs, we recruited 16 qualified workers from a pool of 50 on
Amazon Mechanical Turk, each of whom passed a gold-standard
recruitment task. Every song was annotated by three workers, who
were not shown CLAP predictions but were asked to rate their
agreement with the generated descriptions and to rank their top
three emotion tags. Final labels were aggregated using Borda count
[8], with CLAP scores serving as tie-breakers when worker agree-
ment was high but not unanimous. This design supports IR-style
evaluation where relevance is graded and multiple interpretations
may coexist [43]. CalmSet is publicly released with documentation,
metadata schemas, and preprocessing scripts to support use by
MIR and IR researchers, and was collected under approved insti-
tutional review board protocol (Protocol 20973251). The dataset
can be accessed at: https://www.kaggle.com/datasets/sensifylab/
calmset-music-for-children-with-asd/data. The code is available
at: https://github.com/Sensify-Lab/CalmSet.

By providing a domain-specific benchmark with controlled prove-
nance and crowd-sourced validations, CalmSet enables IR research
on affect-aware music retrieval, recommendation, and cross-modal
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search in therapeutic and other affect-sensitive contexts. We con-
tribute: (i) CalmSet, a dataset of 432 modular therapeutic music
tracks with ranked emotion annotations and natural-language de-
scriptions, designed to support reproducible evaluation of emotion-
conditioned retrieval, and (ii) present a hybrid annotation pipeline
that combines weak supervision with human ranking judgments
and deterministic aggregation, yielding interpretable, rank-aware
labels suitable for IR benchmarking.

2 Related Work

Here, we review (i) musical datasets used for MER, and (ii) modeling
and annotation approaches that support emotion-aware retrieval
and recommendation.

2.1 Music Emotion Recognition Datasets

MER has been a long-standing problem in MIR, with numerous
datasets proposed to support benchmarking and model develop-
ment [16, 54]. Early MER datasets primarily relied on categor-
ical mood annotations. For example, the MIREX Mood Dataset
[6] and CAL500 [45] provided song-level emotion labels for West-
ern popular music using expert raters or undergraduate annota-
tors. Subsequent extensions, such as CAL500exp [50], introduced
fragment-level labels, enabling finer-grained temporal modeling.
Other datasets, including the 4Q Emotion Dataset [31], mapped
music into predefined emotion clusters or valence—arousal quad-
rants.Emotify [2] and EMOPIA [12] employ categorical labels de-
rived from the Geneva Emotional Music Scales (GEMS) [25] or
Russell’s circumplex model [32]. In parallel, several datasets moved
toward continuous dimensional representations, collecting time-
varying arousal and valence ratings. The Yang-Dim dataset [55],
MoodSwings [20], and MoodSwings-Turk [40] exemplify this ap-
proach, enabling dynamic emotion modeling over musical excerpts.
Large-scale resources such as DEAM [3] and PMEmo [56] further
expanded the field with thousands of tracks annotated via crowd-
sourcing, typically sampled at 1-2 Hz. Recent trends emphasize
scale and diversity. XMusic [44] provides over 100,000 MIDI files,
while GlobalMood [22] offers cross-cultural benchmarking. Weakly
supervised datasets like the Million Song Dataset [5], MuSe [1], and
Music4All [35] leverage listener-generated tags or platform-derived
features (e.g., Spotify valence or danceability) to support large-scale
modeling and retrieval. However, these resources are intended for
entertainment contexts and reflect passive listener impressions,
offering limited interpretability for sensitive applications.
CalmSet addresses this gap by introducing a dataset composed
for therapeutic contexts involving children with ASD. Unlike prior
datasets that capture perceived emotion during passive listening,
CalmSet encodes composed emotional intent with interpretable
annotations and agreement measures, enabling benchmarking for
emotion-aware retrieval, recommendation, and representation learn-
ing in settings where reliability and interpretability are critical.

2.2 Emotion-Aware Music Retrieval

Traditional MER approaches map low-level audio features to cat-
egorical moods or arousal-valence dimensions using supervised
learning [3, 54]. Deep learning has significantly expanded the MER
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landscape. Transformer-based architectures, such as the Audio Spec-
trogram Transformer (AST) [9], and contrastive audio—language
models, such as CLAP [7], enable scalable representation learning
and zero-shot emotion annotation by aligning audio with natural-
language concepts [53]. These models have become foundational
tools for MER, cross-modal retrieval, and large-scale music tagging.

MER involves indexing tracks using dense representations, re-
trieving them via textual or intent-based queries, and evaluating
them using standard metrics. Classic probabilistic ranking func-
tions such as BM25 [33] and learning-to-rank methods [23] moti-
vate strong baselines for text-to-music and emotion-conditioned
retrieval. Recently, neural IR, including dense retrieval [17] and
late-interaction rerankers [19, 30], suggest multi-stage pipelines
in which cross-modal encoders retrieve candidates, and more ex-
pensive models refine rankings. Following benchmarks like MS
MARCO [29] and BEIR [42], CalmSet serves as both an MER dataset
and a IR benchmark for therapeutic, emotion-aware retrieval.

Beyond classification, MER increasingly supports emotion-aware
retrieval and recommendation. Cross-modal systems match natural-
language queries with audio embeddings to enable text-to-music
search and emotion-aware recommendations [7, 11]. This enables
non-experts to use everyday language for queries like ’soothing mu-
sic for transitions’ or ’stimulating tracks for activities’. In parallel,
music recommender systems have begun to move beyond entertain-
ment toward well being and accessibility, incorporating emotional
cues alongside contextual signals such as time of day, activity, or
user engagement [37]. At the same time, recent work highlights
challenges associated with annotation noise and domain mismatch,
especially when zero-shot or weakly supervised models are applied
outside their training distributions. To address these issues, hybrid
annotation strategies that combine automated predictions with tar-
geted human validation have gained traction [14, 15, 51]. These
hybrid pipelines balance scalability with reliability, improving label
consistency and interpretability for benchmarking.

CalmSet integrates zero-shot CLAP predictions, descriptions,
and human agreement scores in a hybrid annotation pipeline that
balances computational scalability with validation. This yields an-
notations that are both machine-readable and interpretable, sup-
porting downstream tasks such as MER benchmarking, emotion-
conditioned retrieval, explainable recommendation, and studies of
weak-to-strong supervision. By coupling modern audio-text mod-
els with domain-specific human validation, CalmSet complements
existing MER datasets and enables research at the intersection of
emotion, retrieval, and music therapy.

3 The CalmSet Dataset

Building on prior work introducing uCue, a tangible musical inter-
face with a custom modular music library for therapeutic contexts
[18, 27], we formalize this library as the CalmSet dataset. CalmSet
comprises children’s songs structured using a standardized tem-
plate of seven interactive layers: melody, harmony, countermelody,
bass line, percussion, bass drum, and ambient sound. Each layer can
be independently activated, muted, or cycled through variants us-
ing a custom controller designed for children with ASD. Across
the dataset, each song includes multiple variants per layer (e.g.,
three melodic variants, three countermelodies, two harmony layers,
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two bass lines, and three ambient textures), enabling a large combi-
natorial space of valid musical renditions. This modular structure
supports both experimental control and expressive flexibility, al-
lowing compositions to be adapted to different therapeutic goals
such as calming, stimulation, or regulation. Within uCue, children
explore and shape these layers interactively, constructing personal-
ized musical experiences rather than consuming fixed recordings.
All compositions were produced using a professional digital audio
workflow, combining MIDI-based composition, live instrumental
recording, and multitrack mixing in a DAW environment. A diverse
palette of synthesizers, samplers, effects, and sound libraries was
used to ensure that each song maintains a distinct sonic identity
while remaining musically coherent.

Layer Design. Melodic layers vary systematically in timbre, reg-
ister, and articulation, enabling controlled comparisons of listener
preference across contrasting sound qualities. Countermelodies
introduce increasing rhythmic activity and a wider registral span
across three variants, allowing the study of tolerance for rhyth-
mic and melodic complexity. Harmony layers provide two levels of
stimulation: a sustained, diatonic texture designed for low-arousal
contexts and a more rhythmically and harmonically active alterna-
tive for expressive exploration. Bass layers include a harmonically
aligned foundation and a more rhythmically active variant, while
percussion and bass drum layers provide optional rhythmic ground-
ing with subtle variation. Ambient layers consist of contrasting
environmental soundscapes, enabling investigation of how non-
musical context interacts with musical structure.

Aesthetic Goals and Dataset Generation. All compositions were
set at slower-than-typical tempos to accommodate neural process-
ing differences, while preserving optional rhythmic drive through
selected layers. To ensure both musical coherence and systematic
variability, countermelodies and harmony layers were composed to
recombine meaningfully with the primary melody. We enumerated
all valid layer combinations using a Python-based generation script,
yielding a large set of unique renditions suitable for both therapeu-
tic deployment and computational analysis. As a result, CalmSet
functions simultaneously as an engaging therapeutic music library
and a controlled dataset for studying music interaction, preference,
and affect-aware retrieval.

4 CalmSet Annotation Methodology

We design CalmSet as a crowd-sourced, human-validated test collec-
tion for emotion-conditioned music retrieval and recommendation.
Our three-stage pipeline prioritizes reproducible relevance signals
over single-label assignments. First, we use CLAP to generate a
candidate set of emotion tags for each clip, which serves as a light-
weight semantic prior and (later) a deterministic tie-breaker when
human evidence is ambiguous. Second, we use an LLM to generate
short natural-language descriptions conditioned on candidate tags;
these descriptions serve as auxiliary metadata to support down-
stream retrieval baselines and analysis. Third, we collect human
judgments on MTurk: workers provide a ranked top-3 list of emo-
tion tags for each clip, and we aggregate these rankings with an
agreement-weighted Borda procedure to obtain graded, rank-aware
labels. Throughout, workers never observe the CLAP predictions;
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Algorithm 1 CLAP-based Emotion Inference

Algorithm 3 Agreement-weighted Aggregation and Tie-breaking

Require: Audio clips X = {x }ﬁj:l, emotion phrases P = {p;}%_,,

CLAP audio encoder f,, CLAP text encoder f;
Ensure: CLAP top-3 emotion tags SISLAP
SCLAP

and similarity scores

1: fori « 1to 8 do

22 b; « f;(p;) {Text embeddings}
3: end for

4: fork < 1to N do

5. ag « fa(xr) {Audio embedding}
6

fori < 1to8do
ak-b,»

T Tl
s: end for

SISLAP — TorK(sp.;, K = 3)
10: S,SLAP «— TopKScoREs (s, ;, K = 3)
11: end for
12: return

7:

SCLAP QCLAP
8k ’ Sk

Algorithm 2 LLM-based Song Description Generation

Require: CLAP top-3 tags SISLAP, LLM g(+), fixed prompt template
T
Ensure: GPT-generated description dj
1: fork < 1to N do
2. Construct prompt 7 using SELAP
3 dy « g(m) {2-3 sentence description}
4: end for
5. return {dk}kN:l

CLAP is only used for tie-breaking during aggregation, to limit
model anchoring while keeping the pipeline reproducible.

4.0.1 CLAP-based Emotion Inference. We first apply CLAP to per-
form zero-shot emotion inference on each therapeutic music clip.
We encode 16 kHz audio clips and descriptive emotion phrases (see
the code on GitHub for the descriptions) into a joint CLAP embed-
ding space. Cosine similarity between audio and text embeddings
is computed to quantify semantic alignment (See algorithm 1). For
each clip, the top three emotion tags with the highest similarity
scores are retained as the CLAP-predicted emotional profile. These
predictions serve as an initial semantic prior and are later used only
for tie-breaking during human annotation aggregation.

4.0.2 LLM-based Description Generation. To improve interpretabil-
ity and support downstream therapeutic use, we convert the CLAP-
predicted emotion tags into readable song descriptions using a large
language model (code on Github for the prompt). For each song,
the top three CLAP emotion tags are injected into a structured
prompt designed from a music-therapy perspective (See algorithm
2). The model generates a concise textual summary describing the
song’s emotional qualities, musical characteristics, and potential
therapeutic benefits. All parameters are fixed to ensure consistency.

Require: Worker rankings r ;, agreement scores ai. ;, CLAP tags
SISLAP, CLAP scores SELAP, a = 0.25, Wpin = 0.25

Ensure: Final top-3 emotion tags Sg“al
1: for each song k do
2. Initialize Si(t) < 0 for all tags ¢
3. for each worker j do
4 Wi,j < Max{Wmin, 1 + aay;}
5 Assign Borda points (3, 2, 1) weighted by wy ;
6: end for
7. Rank tags by Sk ()
8 Compute mean agreement a
9:  if tie near top-3 then
10: if a; > 0 then

11 Resolve via CLAP order — CLAP score — worker fre-
quency — alphabetical

12: else

13: Resolve via worker frequency — alphabetical

14: end if

15:  end if

16:  Select top-3 tags as 82“31

17: end for

18: return 8,‘3“31

4.0.3 Crowdsourced Annotation and Final Label Aggregation. We
finalize emotion annotations with crowdsourced relevance judg-
ments collected via Amazon Mechanical Turk. Each track is an-
notated by three independent workers, who (i) select their top
three emotion tags based on their own interpretation of the audio
and (ii) rate the semantic coherence of the song description gener-
ated from algorithm 2. Workers remain blind to CLAP predictions,
providing independent rankings and agreement scores to prevent
model anchoring. Worker-provided rankings are aggregated us-
ing an agreement-weighted Borda count, in which votes are softly
weighted by self-reported agreement with the description (Algo-
rithm 3). Ties are resolved deterministically, incorporating CLAP
only when human agreement is non-negative. This design empha-
sizes scalable, cost-effective relevance estimation while maintaining
a clear separation between model inference and human annotation.

4.0.4  Results on human-annotated songs (n=432). Table 1 summa-
rizes the aggregation outcomes. Roughly one-third of songs (33.1%)
contained ties across workers’ votes. In 82 cases (18.9%), these ties
were resolved using CLAP, while in 61 cases (14.1%) they were
resolved solely by worker frequency or fallback rules. On average,
the agreement score across songs was positive (a = 0.82, scale of
[-2 to 2]), indicating that workers agreed with the CLAP-generated
descriptions most of the time. This agreement allowed CLAP to
participate in tie-breaking in over 91% of cases.

4.0.5 Comparison with CLAP. We use Jaccard similarity (J) to
quantify alignment between human and CLAP tags:
B |T0p3ﬁnal n TOp3CLAP |
| T0p3ﬁna1 U TOp3CLAP | :
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Table 1: Label aggregation for the human-annotated subset

Category Count Percentage

Total songs 432 100%

Songs with ties 143 33.1%
Resolved with CLAP 82 18.9%
Resolved without CLAP 61 14.1%

The average overlap was 0.35 (median 0.200), indicating that CLAP
alone is insufficient to capture labels, but in over half of the tie
cases it provided a useful prior that complemented human evidence.
Our aggregation method balances three sources of evidence: (i)
relative ranking from multiple workers, (ii) their confidence in the
GPT description, and (iii) CLAP as a domain-informed tie-breaker.
This yields a transparent, reproducible, and human-grounded set
of annotations. Importantly, CLAP only intervenes when workers’
agreement with the description is positive, ensuring that model
priors do not override human disagreement.

4.0.6 Dataset Characterization. CalmSet comprises 432 therapeutic
music tracks, each annotated with a ranked top-3 set of therapeutic
intent labels. Label frequencies exhibit moderate imbalance: the
most prevalent labels are Sensory-Calming (272 tracks), Playful (248),
and Soothing (222), while Anxiety-Reduction (48) and Transitional
(78) form a long tail. At rank top1, Sensory-Calming appears most
frequently (131 tracks), followed by Playful (111) and Soothing (75),
whereas lower-frequency labels are more evenly distributed across
top2 and top3. Label co-occurrence is common, reflecting over-
lapping therapeutic intents. Frequent label pairs include Sensory-
Calming-Soothing (150 tracks), Sensory-Calming—Playful (119), and
Sensory-Calming—Grounding (116). These patterns motivate the use
of graded relevance rather than binary judgments.

5 Experiments: Retrieval Task and Evaluation
Protocol

Labels are treated as queries and audio files as documents, using the
top-3 human-validated labels for graded relevance (rel € {3,2,1}).

Emotion-to-music retrieval task. We formulate emotion-to-music
retrieval following standard IR conventions. Each of the eight thera-
peutic intent labels (Anxiety-Reduction, Focusing, Grounding, Playful,
Sensory-Calming, Soothing, Stimulating, and Transitional) is treated
as a query over the full collection of 432 tracks. Relevance is de-
fined using ranked annotations: tracks annotated with the query
label at top1, top2, or top3 receive graded relevance scores of
rel = 3,2, 1, respectively, and rel = 0 otherwise. This yields 1,296
graded relevance assignments and supports gain-based evaluation
using metrics such as nDCG and MAP [13, 34, 46]. The number of
relevant documents per query ranges from 48 to 272, motivating
macro-averaged evaluation across queries.

Evaluation protocol. All experiments follow a test-collection-
style evaluation protocol common in information retrieval, in which
retrieval methods are evaluated over the full collection using fixed
queries and relevance judgments rather than train-test splits [47,
49]. Each of the eight therapeutic intent labels is treated as a query,
and retrieval effectiveness is reported as macro-averages across
queries to ensure equal weighting of intents. Statistical significance
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Table 2: Macro-averaged retrieval performance for emotion-
to-music retrieval on CALMSET at k = 50.

Method nDCG@50 MAP@50 Recall@50
Random 0.216 0.417 0.115
BM25 (GPT descriptions) 0.261 0.494 0.143
CLAP label-based 0.293 0.540 0.162

is assessed via paired tests, with 95% bootstrap confidence intervals
computed over per-query scores [38, 39].

5.1 Baselines

We evaluate three representative methods: (1) Random, a lower-
bound baseline averaged over five seeds; (2) BM25, a sparse lexical
baseline using keyword queries over GPT-generated descriptions;
and (3) CLAP, a dense retrieval baseline that ranks tracks based on
the similarity between audio embeddings and therapeutic intent
labels. All models use deterministic tie-breaking for reproducibility.

5.2 Metrics

We report standard ranking metrics used in graded retrieval. Rank-
ing quality is primarily measured using nDCG@k, which accounts
for graded relevance and rank position, emphasizing the retrieval
of highly relevant tracks early in the ranked list. We additionally
report MAP@k, which evaluates early precision by rewarding rank-
ings that place relevant tracks near the top, and Recall@k, which
measures coverage by quantifying how many relevant tracks are
retrieved within the top-k results. MAP@k and Recall@k are com-
puted using binarized relevance (relevant if rel > 0). All metrics
are reported at k = 50 and macro-averaged across queries.

5.3 Results

Table 2 shows retrieval performance. CLAP achieved the highest
effectiveness (nDCG@50 = 0.293), outperforming BM25 and the
random baseline. MAP@50 increases from 0.417 (random) to 0.494
(BM25) and 0.540 (CLAP), while Recall@50 improves from 0.115
(random) to 0.143 (BM25) and 0.162 (CLAP). Bootstrap confidence
intervals over queries yield a 95% CI of [0.175, 0.425] for CLAP
nDCG@50 and [0.169, 0.367] for BM25, indicating overlapping con-
sistently higher performance for CLAP. A paired test over queries
comparing CLAP to random ranking yields a t-statistic of 2.01
(df =7), indicating a consistent improvement over chance.

Given the limited number of queries, we complement aggregated
metrics with a per-query breakdown in Table 3 to ensure no single
query disproportionately drives overall results [48]. Performance
varies substantially across intents. Playful and Sensory-Calming
yield the highest CLAP nDCG@50 scores (0.576 and 0.525), suggest-
ing their affective character is well-captured by audio embeddings.
By contrast, Anxiety-Reduction and Transitional are consistently the
weakest queries across all methods (CLAP nDCG@50 of 0.074 and
0.107 respectively), reflecting the greater semantic ambiguity and
context-dependence of these intents. Notably, BM25 outperforms
CLAP on nDCG@50 for Stimulating (0.247 vs. 0.224) and Transi-
tional (0.150 vs. 0.107), and on Anxiety-Reduction (0.084 vs. 0.074),
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Table 3: Per-query retrieval performance across the eight
therapeutic intent labels at k = 50.
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Table 4: Test set results across baseline models. Default = 0.5
threshold. Calibrated = thresholds tuned on validation.

Random BM25 CLAP Default (0.5) Calibrated
Query nDCG MAP Rec nDCG MAP Rec nDCG MAP Rec Model (OVR) Micro-F1 Macro-F1  Micro-] Micro-F1  Macro-F1 ~ Micro-J
Anxiety-Reduction  0.082 0.170 0.092 0.084 0.278 0.146 0074 0246 0.188 LogReg 0.602 0.471 0.431 0.574 0.482 0.403
Focusing 0.132 0315 0.124 0159 0382 0.146 0.161 0.412 0.175 Linear SVM 0.572 0.461 0.401 0.571 0.499 0.400
Grounding 0215 0481 0120 0191 0527 0.132 0234 0420 0.111 Random Forest  0.600 0.436 0.429 0.603 0.492 0.431
Playful 0357 0644 0121 0465 0598 0129 0576 0.958 0.153 MLP 0.579 0.408 0.407 0.589 0.475 0.417
Sensory-Calming 0387 0645 0110 0515 0794 0136 0525 0.802 0.147 KNN 0.602 0.407 0.431 0.617 0.507 0.446
Soothing 0.286 0.538 0.112 0280 0633 0153 0.447 0.852 0.189
Stimulating 0.163 0326 0.118 0247 0513 0147 0224 0431 0.169
Transitional 0102 0218 0123 0.150 0.227 0.54 0107 0200 0.167 micro-F1 = 0.617, Random Forest = 0.603), though gains were incon-

indicating that for these intents lexical cues in GPT-generated de-
scriptions are more discriminative than audio embeddings alone.
Conversely, CLAP holds a large advantage on Soothing (0.447 vs.
0.280) and Playful (0.576 vs. 0.465), where timbral and rhythmic fea-
tures are more informative than text. Recall@50 remains low across
all queries (maximum 0.189 for Soothing under CLAP), confirming
that relevant tracks are broadly distributed in rankings regardless
of method, and that the benchmark is far from saturated.

Retrieval performance differs across emotion labels for both
text-based and audio-based methods. Intents with clear and easily
recognizable characteristics (e.g. Sensory-Calming and Playful), are
retrieved more reliably, whereas more subtle or situational intents
(e.g. Anxiety-Reduction and Transitional), are harder for current
models to capture. Across all labels, recall remains low, meaning
relevant tracks are spread throughout the ranked results rather than
appearing near the top. This suggests that existing text and audio
representations struggle to fully capture the range of music that
may be appropriate for a given therapeutic intent. These findings
indicate that CalmSet contains meaningful affective patterns across
both textual and audio information, while still posing a substantial
challenge for current retrieval models, making it well-suited as a
benchmark for affect-aware music retrieval.

5.4 Benchmarking MER Models

5.4.1  Setup. To establish baselines for our dataset, we evaluated
five multi-label classifiers trained on CLAP audio embeddings: Lo-
gistic Regression, Linear SVM, Random Forest, Multi-Layer Perceptron,
and KNN. We use a One-vs-Rest (OVR) strategy, which decomposes
the task into binary classifiers. We split the data 70%/10%/20% for
train/validation/test, stratified by primary label. We compare a de-
fault 0.5 threshold against validation-tuned per-class F1 thresholds.

5.4.2  Evaluation metrics. We report micro- and macro-averaged
F1 and Jaccard similarity, and subset accuracy (exact match). We
additionally compute Top-3 overlap, measuring Jaccard, precision,
and recall between predicted and reference top-3 labels.

5.4.3 Main results. Table 4 summarizes performance on the test
split. Across models, micro-F1 ranges from 0.57-0.60 and macro-F1
from 0.41-0.47. Logistic Regression achieved the strongest default
test performance (micro-F1 = 0.602, macro-F1 = 0.471, micro-Jaccard
= 0.431). Threshold calibration improved some models (e.g., KNN

sistent. Low subset accuracy (<0.10) reflects the difficulty of exact
multi-label prediction in subjective affect domains.

5.4.4 Top-3 overlap. Given top-3 annotations per song, Top-3 over-
lap provides an intuitive measure of alignment with human per-
ception. KNN leads (mean Jaccard@3 = 0.484, P@3 = 0.613, R@3 =
0.613), closely followed by Logistic Regression (Jaccard@3 = 0.460).
Overall, models retrieve at least one top-3 tag in over half of cases,
demonstrating the utility of CLAP embeddings for therapeutic MER.
These results highlight promise and limitations. CLAP-based clas-
sifiers show moderate alignment with human labels, particularly
in Top-3 overlap, yet exact-match accuracy remains low due to
multi-label complexity and subjective affect perception.

6 Discussion, Limitations, and Future Work

CalmSet is a domain-specific benchmark for affect-aware music re-
trieval and emotion recognition, emphasizing representation, rank-
ing, and graded subjective relevance rather than therapeutic ef-
ficacy. Across baselines, CLAP-based label retrieval consistently
outperforms BM25 over GPT-generated descriptions and random
ranking, indicating that general-purpose audio-text representa-
tions capture coarse therapeutic intent more effectively than lexical
cues alone. However, absolute performance remains modest, par-
ticularly in recall, suggesting relevant tracks are dispersed rather
than concentrated at the top of rankings. This effect is most pro-
nounced for semantically subtle or context-dependent intents (e.g.,
Anxiety-Reduction and Transitional), which lack distinctive acoustic
or lexical signatures compared to more concrete intents such as
Sensory-Calming or Playful. A natural question is whether these
modest scores reflect the difficulty of affect-aware retrieval in this
domain, or instead expose limitations specific to CLAP’s represen-
tational capacity. While our baselines do not include a CLAP-free
audio feature set, such as hand-crafted MFCCs or alternative neural
embeddings, two observations support the former interpretation.
First, BM25, which operates entirely over text and shares no fea-
tures with CLAP, exhibits a similar pattern of difficulty: strong on
Playful and Sensory-Calming, weak on Anxiety-Reduction and Tran-
sitional. This convergence across modalities suggests the difficulty
is task-intrinsic rather than CLAP specific. Second, the intents that
challenge both methods are those with the greatest semantic ambi-
guity and context-dependence, properties that would challenge any
single-representation system regardless of backbone. This remains
an open empirical question, and encourages future work to eval-
uate alternative audio representations on CalmSet to disentangle
model limitations from benchmark difficulty. These findings sug-
gest that emotional-intent access is better framed as ranking rather
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than single-label prediction. In CalmSet, tracks are associated with
multiple intents to varying degrees, making evaluation based on
ranked relevance more appropriate than exact label matching. The
CLAP baseline provides a reproducible estimate of intent align-
ment using off-the-shelf audio-text representations, while BM25
captures the contribution of textual descriptions alone, establishing
complementary reference points for future retrieval and reranking
methods. MER benchmarks reinforce this interpretation. OvR classi-
fiers trained on CLAP embeddings achieve moderate micro-F1, yet
exact-match accuracy remains low while Top-3 overlap is higher,
reflecting the same graded structure observed in retrieval [21].

Several limitations should be noted. CalmSet is modest in scale
(432 tracks), making it better suited for benchmarking, analysis, and
fine-tuning than for training large models from scratch. CalmSet
benchmarks perceived affective and therapeutic intent; annotations
reflect crowd workers’ emotional judgements of music purposefully
composed for children with ASD [18, 27], not clinically validated
therapeutic outcomes. Establishing such validation would require
structured trials with ASD specialists, caregivers, and children. An-
notations are derived from pre-qualified crowd workers rather than
clinical experts and should therefore be interpreted as perceived
affective or intent-related relevance rather than validated thera-
peutic outcomes. Emotion labels and descriptions are culturally
and linguistically situated; differences in cultural interpretation
of emotion and language use may introduce systematic bias into
the annotations. GPT-generated descriptions may further reflect
language priors that shape how annotators interpret intents. Our
aggregation procedure prioritizes majority agreement, which im-
proves consistency but may obscure minority interpretations or
culturally specific readings of affect. Also, the retrieval benchmark
includes only eight queries, limiting the robustness of statistical
significance estimates. While this work reports initial retrieval and
classification baselines, more advanced dense retrieval architectures
and reranking strategies are not explored.

These limitations also point to directions for future work. Ex-
tensions include releasing standardized query sets and qrels-style
relevance files, evaluating dense and hybrid retrieval pipelines, and
reporting robustness analyses across multiple seeds or query resam-
ples. Expanding annotations to continuous affective dimensions
(e.g., valence—arousal) would enable regression-based evaluation
and finer-grained relevance modeling. Bridging CalmSet toward
clinical utility represents a longer-term but meaningful research
direction. Concretely, retrieval models trained on CalmSet could
be integrated with caregiver-facing interfaces, such as the uCue
system from which the corpus originates [18], to surface music
candidates that are then filtered or approved by therapists in a
human-in-the-loop pipeline. Longitudinal studies tracking child
behavioral and physiological responses to retrieved tracks could
progressively ground affective relevance labels in therapeutic out-
comes, enabling future versions of CalmSet to move closer to clini-
cally validated benchmarking. Finally, cross-domain generalization
studies—training on large-scale web music corpora and evaluating
on CalmSet, and vice versa—would help characterize domain shift
and robustness in affect-aware music retrieval.
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7 Conclusion

We introduced CalmSet, a therapeutically inspired dataset of mod-
ular music designed for affect-aware music retrieval and music
emotion recognition. The dataset combines CLAP-based audio
representations, automatically generated textual descriptions, and
crowdsourced relevance judgments within a transparent and re-
producible annotation pipeline, enabling graded-relevance evalu-
ation. Our contributions are threefold. First, we release a curated
collection of modular music tracks annotated with ranked, multi-
label affective intent signals that reflect how musical pieces may
be interpreted and used in practice. Second, we establish baseline
results for both emotion-conditioned music retrieval and multi-
label music emotion recognition, demonstrating that while current
audio—-text representations capture coarse affective structure, sub-
stantial performance gaps remain—particularly for nuanced and
context-dependent intents. Third, we position CalmSet as a reusable
benchmark for studying graded relevance, intent ambiguity, and
evaluation methodology in affect-sensitive music access, comple-
menting existing MIR datasets that rely on categorical or binary
labels. These findings position CalmSet as a challenging benchmark
for studying subjective relevance, intent ambiguity, and evaluation
methodology in music retrieval.
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