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Large Language Models (LLMs) offer a promising approach to recommendation by enabling the generation of user profiles in
Natural Language (NL) form. When used as summarization devices, LLMs can produce interpretable and editable alternatives
to opaque collaborative filtering representations, potentially increasing transparency and user control. However, it remains
unclear whether users perceive these profiles as accurate representations of their preferences, which is key for trust and
usability.

Moreover, because LLMs inherit societal and data-driven biases, profile quality may systematically vary across user and
item characteristics. In this paper, we investigate these issues in the context of music streaming, where personalization is
challenged by large and culturally diverse catalogs. We conduct a user study in which participants evaluate NL profiles
generated from their own listening histories.

We analyze whether user identification with these profiles is biased by user attributes, such as mainstreamness and taste
diversity, and by item features, including genre and country of origin. We further assess the usefulness of the generated
profiles in a downstream recommendation task by analyzing their representations in a shared embedding space. Our results
reveal systematic differences across models and user groups, highlighting both the potential and the limitations of scrutable,
LLM-based profiling for personalized systems.

CCS Concepts: « Information systems — Recommender systems; » Human-centered computing — User studies.

1 Introduction

LLMs are trained on vast amounts of human-written text, absorbing not only its knowledge but also its biases and
cultural blind spots. As LLMs are increasingly integrated into everyday applications, from information access and
writing assistance to decision-making and recommender systems, these inherited limitations risk being carried
over into generated content, potentially leading to uneven or unfair outcomes across users and domains [6]. And
since LLM-generated content may itself become part of future training corpora, this creates a feedback loop
that can reinforce and amplify existing limitations over time [2]. Understanding and measuring these biases is
therefore essential for building fair and accountable LLM-based systems.

One particularly promising application of LLMs is the generation of Natural Language (NL) user profiles
from consumption data, including item metadata and, when available, explicit feedback [22]. These profiles can
guide recommendations either through direct prompting of LLMs [23] or by embedding users and items in a
shared representation space [12]. Compared to the latent user embeddings commonly used in Collaborative
Filtering (CF) approaches [22, 23], LLM-generated textual profiles provide a more scrutable representation of user
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preferences. This allows users to inspect and edit their profiles, thereby enhancing transparency and control. Such
representations are also well suited to cold-start scenarios, as new users can directly describe their interests [22].

One might expected that, since LLMs are not primarily trained on user—item interaction data, they would be
less affected by traditional data-driven biases such as popularity, exposure, and position bias [4, 14, 17, 21, 31]. In
practice, however, LLM-based recommenders introduce new challenges, including hallucinations [16], sensitivity
to item ordering [33], and reliance on memorized content [3, 9]. Recent studies further indicate that LLM-
based recommender systems tend to exhibit lower fairness and diversity than traditional CF methods, although
mitigation strategies such as fine-tuning and careful prompt design may partially address these issues [6, 7].

In the specific context of NL user profiles, previous work has shown that prompting LLMs with item metadata
and user feedback can yield coherent textual user summaries [12, 23, 37], with evaluation typically focusing on
downstream performance. However, it remains unclear to what extent users perceive these profiles as accurate
representations of themselves. This concern is particularly salient in music, where textual coverage is shaped by
cultural visibility, market prominence, and mainstream validation: globally popular artists and genres tend to be
surrounded by richer descriptions, while niche, local, or country-specific repertoires may be underrepresented in
online text. As a result, LLMs may represent some forms of musical consumption more accurately than others.
Whether and how profile representativeness varies with user characteristics (e.g., mainstreamness) or item
properties (e.g., genre or country of origin), particularly in combination with biases inherited from pre-training,
remains largely unexplored.

In this work, we address this gap by evaluating profile quality through user self-identification, collected in a
dedicated user study. We argue that understanding how user assessments relate to user and item characteristics
is essential for establishing the feasibility of LLM-generated NL profiles before optimizing them for downstream
tasks. Such analysis is necessary to ensure that all user groups are fairly represented and accounted for. In a second
step, we employ the generated profiles in a downstream recommendation task by encoding both user profiles
and item metadata into a shared latent space. This allows us to examine whether user recognition aligns with
recommendation performance. By analyzing these representations, we gain deeper insight into the properties of
the generated profiles and the specific behaviors of different LLMs.

Accordingly, we address the following research questions:

(1) To what extent do users recognize their musical taste in automatically generated profiles?

(2) Is profile quality biased toward user characteristics such as mainstreamness or consumption diversity, or
toward item characteristics such as genre and country of origin?

(3) Is user evaluation of profile quality aligned with relevance in recommendation settings?

We conduct our study in the context of music streaming, where modeling user preferences is particularly
challenging due to the scale and diversity of catalogs spanning genres, regions, and popularity levels. To support
transparency and reproducibility, we release the source code of our experiments and the user study dataset (see
Section 4).

2 Experimental Setup

A key lacking aspect of many recent works when leveraging LLMs for recommendation is human qualitative
evaluation. This is particularly critical in settings where LLMs are used to generate user descriptions, in order to
assess their ability to correctly represent user preferences. Therefore, we conducted a user study to investigate
potential biases in NL user profiles following two stages: (1) generating NL profiles in a systematic way to
understand which features matter on the resulting quality; (2) conducting an online study (N participants = 64)
to evaluate the generated profiles.
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Fig. 1. Mean and standard deviation of Jaccard similarity for users’ top-15 tracks, across different time window lengths. Note
that the increasing similarity across longer windows is driven by the accumulation of listening history: longer windows filter
out short-term fluctuations, producing more stable top-track sets.

2.1 Building NL User Musical Profiles

Generating scrutable NL user profiles offers transparency but necessitates conciseness, a significant challenge in
music recommendation. Unlike prior work often relying on explicit feedback [12, 23, 37], music recommendation
frequently relies on implicit feedback, which is more noisy, making preference inference more uncertain [15,
28]. While using concatenated item attributes from consumption logs can help model preferences in implicit
settings [35], in music consumption, users interact with vast catalogs [25], leading metadata-based representations
to exceed LLM context limits. This makes item sampling strategies particularly important. Furthermore, musical
taste blends long-term preferences with short-term exploration [30]. Thus, sampling only frequent tracks within
short windows (e.g., one week) favors recency but is prone to noise. In contrast, longer time windows smooth
out fluctuations but could miss more recent explorations. Also, since users listen to collections in the form of
playlists and albums, simple frequency-based sampling can lead to redundant profiles due to repeated listens of
the same collections.

To address these challenges, we propose a 2-step sampling strategy: (1) identify the top-n most played artists
within a given time window; (2) select most played tracks per artist. This mitigates artist-level redundancy and
allows the time window to control the balance between short- and long-term preference signals.

Figure 1 illustrates the increasing stability of sampled top artist-track sets across different time windows. Each
point represents the mean Jaccard similarity across users (with standard deviation bars), comparing top tracks
from a shorter window to those from a longer one. For example, the first point compares users’ top tracks in a
7-day window (“7d”) to those in a 30-day window (“30d”). The upward trend indicates that as the time windows
increase, the sampled top items become more stable. In our study, we generate profiles using our two-step strategy
across four time windows: two shorter ones (30 and 90 days), where preferences are still relatively unstable, and
two longer ones (180 and 365 days), where preferences tend to plateau.

For NL summary generation, we follow prior work by prompting Large Language Models (LLMs) with a list of
items described by textual metadata. For each user, we sample their top-15 artist—track pairs using our two-step
strategy and collect metadata (track title, play count, artist name, album name, release year, artist main and
secondary genres). The number of items was chosen to fit within a single-shot prompt, avoiding context length
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limitations. Prior work often uses fewer items (5 items in [12, 23]) and sometimes more (30 in [37]). However, our
results show 15 items are enough for user recognition.

We select two open-source LLMs, Llama 3.2 [29] and DeepSeek-R1 [13] (a reasoning-focused model), both
available via the Ollama library [20], and Gemini 2.0 Flash [5], a proprietary model. We leave the output context
window to their default values and set the temperature to 0.8. We give more details concerning the prompt in the
next section.

2.2 User Study

We recruited participants on a voluntary basis through internal communication channels within our organization
(Deezer). Participation took place during paid working hours, and the study was conducted online. Upon invitation,
participants were explicitly informed that their streaming histories would be used to generate profiles for
evaluation purposes.

A total of 64 participants took part in the study (40 males, 23 females, and one non-binary), aged between 22
and 48 years (33.73 + 6.28). For them, we collected several high-level metrics, derived from 28-day consumption
data on Deezer, a music streaming service: (1) Generalist-Specialist Score (GS-Score)!, which captures whether a
listener is a specialist (high GS-score) or a generalist (low GS-score); (2) the median rank of their listened tracks,
which relates to the popularity of the tracks based on the consumption of all users of Deezer, as a measure of
mainstreamness, higher values indicating a preference for popular tracks; (3) mean age of songs indicates a
preference for recent vs. older music.

In addition, we collected participants’ consumption history for the year starting April 1, 2024, considering only
streams with a listening time greater than 30 seconds®. From this data, we sampled items using the artist-track
frequency method described in Section 2.1, across four time windows, and retrieved the corresponding metadata®.

For generating the profiles, we used the same prompt template with different lists of items. All prompts
consisted of a fixed preamble, followed by item metadata, and ended with the instruction “Only return the textual
summary — no explanation, no lists” We do not provide example profiles in the prompt, allowing the model to
propose its own structure. This choice enables us to assess which formats resonate best with users. Also, the
prompt explicitly instructs the model not to overly rely on artist and track names, encouraging more abstract and
high-level descriptions of preferences.

!t quantifies the dispersion of songs users have listened to based on SVD embeddings derived from co-occurrence of tracks in playlists and
personal collections.

2A threshold commonly used in the industry to define a positive interaction.

3Metadata sourced from Music Story: https://music-story.com/.
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Prompt example

Here is a list of items consumed by a single user. From this list, generate a short and scrutable
summary of their musical taste for music recommendation purposes. The summary should be a single,
coherent, and informative paragraph that clearly conveys the user’s preferences in a natural,
human-readable way.

Base the description on the following list of consumed items and their metadata, without focusing
on the names of tracks and artists. The items are presented in descending order:

title: This is a Mood

playcount: 19

artist: Franc Moody

origin country: United Kingdom

album release date: 2020

main genre: Electronic music

secondary genre: Nu-disco, Synthpop, Electronica

title: CAFé CON RON

playcount: 11

artist: Bad Bunny

origin country: Puerto Rico

album release date: 2025

main genre: Rap music

secondary genre: Caribbean music, Dancehall, Dance rap, Latin hip hop, Latin

Only return the textual summary — no explanation, no lists.

For illustration purposes, from the complete prompt above, the following profiles were generated:

o DeepSeek (user rating: 4.0.): The user has a strong preference for electronic music, particularly in genres like
nu-disco, synthpop, and EDM, supported by notable tracks such as “Mood” and “Feel So Close.” They also enjoy
pop music with elements of Latin influence, as seen in works by Shakira and others. Additionally, their tastes in-
clude rap and rock, showcasing a diverse yet cohesive musical style that blends electronic, pop, and Latin flavors.

e Gemini (user rating: 7.0.): This user enjoys a diverse mix of music, with a strong preference for electronic
music, particularly nu-disco and synthpop from the United Kingdom. They also have a significant interest in
Latin music, including Latin pop, reggaeton, and Latin hip hop from various Latin American countries and
Puerto Rico, alongside some mainstream pop and occasional soul and rock influences. They also seem to use
music for relaxation or background ambiance, as indicated by tracks explicitly intended for sleep or relaxation.

o Llama (user rating: 4.0.): This user’s musical taste leans towards a blend of electronic and pop elements, with
a strong appreciation for global influences, particularly from Latin America and the Caribbean. They seem to
enjoy upbeat and energetic tracks, often incorporating tropical rhythms and melodies, as evidenced by their
fondness for artists like Bad Bunny, Shakira, and Daddy Yankee. There’s also a noticeable interest in calming
and atmospheric soundscapes, such as the instrumental cover of "Feel So Close" and the ambient piece "Dog
Music". This user appears to have a diverse musical palette, but their overall taste tends towards lively and
danceable tracks with Latin flair.

ACM Trans. Recomm. Syst.
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Fig. 2. Left: box-plot of the user ratings for the false and true profiles. Right: the mean and 0.95 Confidence Interval (CI) for
the profiles generated by each model at each time window.

The mean profile length (in characters) per model is as follows: Gemini: 396.43+70.62; DeepSeek: 543.00+153.06;
and Llama: 638.16+117.54. Profiles generated by Gemini are, on average, substantially shorter than those produced
by the other models.

During evaluation, each participant was presented with 17 profiles: 12 personalized and five random profiles
from other users serving as negative baselines. The evaluation begins with an introductory screen presenting an
example profile to familiarize participants with the task. Then, the 17 profiles are presented in randomized order.
For each profile, users are asked “How well does the following description match your music taste?”, and asked to
respond with a 7-point Likert scale (1 being "not at all" and 7 being "very much"). After rating all profiles, users
are asked about their musical engagement based on Goldsmiths Musical Sophistication Index (Gold-MSI) [19].

The user study was launched on April 9th 2025 and was concluded on the 11th. In the next section we discuss
how the obtained user ratings relate to different user-item characteristics.

3 Biases in User-evaluated NL Profiles

To investigate how well the generated profiles represent users in relation to different user- and item- characteristics,
for every user u, we compute the difference in rating between a true profile p; € P} and the median rating on
their fake profiles P following: r,,; = ry; — median ({ry; : p; € P, }), where ry; is the rating user u gave to
profile p;. Therefore, instead of using absolute ratings, that vary depending on users, we use this difference as a
measure of how well users believe a profile represents their taste in relation to the random baseline.

The left side of Figure 2 shows box plots of ratings for positive and negative profiles, indicating that users rated
profiles based on their own consumption data higher than random ones. On the right, we report the mean dr,, ;
and 95% CI for each model across four time windows. Time window had only a marginal impact on profile
ratings, and although confidence intervals overlap, Llama-based profiles consistently received higher scores than
the other two. This suggests that, beyond content, the form, specific to each LLM, may play a greater role in
self-recognition. Supporting this, a two-way ANOVA revealed a significant effect of model, F(2, 1076) = 5.16, p =
0.0059, but no effect of time window, F(3, 1076) = 1.59, p = 0.191, and no interaction, F(6, 1076) = 0.28, p = 0.947.

3.1 User-characteristics

Here we evaluate how the ratings relate to user characteristics that are not directly dependent on the tracks used
for the profiles. Figure 3 shows the distribution of the considered user characteristics of the participants. We
recall GS-score to be a measure of how specialist or generalist a user is (higher values, more specialist), median
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Fig. 4. Bootstrapped estimated coefficients of user characteristics on profile ratings.

rank of the listened tracks refers to a measure of track popularity (high rank signifies a preference for more
popular tracks). We note that the active engagement of our participants mean = 29.44 + 5.86 is notably lower
than the one reported for a larger population in [19] mean = 41.52 + 10.36, which suggests that although the
participants are employees of a music streaming platform, they do not necessarily interact more intensively with
music. Since our goal is to assess whether the method exhibits biases towards specific user groups characterized
on some dimension, we investigate linear relationships.

Concerning gender, rating differences were small across all models. Female users gave slightly lower ratings
than male users, with Cohen’s d indicating a small effect for DeepSeek (d = —0.15) and Gemini (d = —0.16), and a
negligible effect for L1ama (d = —0.07).

To quantify the influence of other user characteristics on rating behavior, we perform 5K bootstrap simulations,
where we fit linear regression models predicting dr,,; from each investigated characteristic (normalized) for
each LLM separately. This process allows us to quantify the CI for the fitted linear coefficient. The orange bars
on Figure 4 show the mean coefficient with the black bar indicating the 95% CIL. GS-score shows a significant
positive association with dr, ;, indicating that specialist users tend to rate the profiles more positively. This is
consistent with the idea that specialist users, having narrower preferences, are more easily represented through
the 15 sampled items, while generalist users may require more items for accurate representation. The mean
age of consumed songs and user age also correlate positively with r,,; across all models, suggesting that older
users and users that listen to older songs tend to rate the generated profiles more favorably (these measures
are both somewhat correlated Pearson = 0.22, p = 0.048). User mainstreamness, measured via the median track
rank, was not a significant predictor in any model (all CI go through 0), suggesting no clear relationship between
mainstream taste and perceived profile quality, the same for active engagement.

ACM Trans. Recomm. Syst.
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Fig. 5. Bootstrapped estimated coefficients of genre and country composition on profile ratings.

3.2 ltem-characteristics

We next investigate how sampled item characteristics relate to the quality of profiles rated by users, using the
same bootstrapping approach described above.

We first examined whether the median play count of the sampled items relate to user ratings, DeepSeek profiles
showed a positive association (mean(f) = 2.11 [0.22,3.93]), suggesting repeated interactions may enhance
relevance. L1ama profiles showed a slightly weaker effect (mean(f) = 1.91 [0.31, 3.55]), while no clear effect was
observed for Gemini (mean(f) = 0.83 [-0.92,2.78]).

Since each track is annotated with a single “main genre” (when available), we compute, for each profile, the
proportion of tracks associated with each genre among the 15 sampled tracks. We also include analogous ratios
based on country of origin, as well as the proportion of missing genre or country annotations. We compute
entropy measures over these distributions. Together, these features enable us to investigate how the compositional
profile characteristics relate to their perceived quality. Other than the entropy measures, in the following analysis,
we consider only genres and countries that appear in the listening histories of at least 20% of the users. The set of
investigated genres are: electronic, jazz, metal, pop, rap, rock, soul, world music. The set of investigated countries:
Belgium, Brazil, Canada, France, Germany, United Kingdom, United States.

We perform 5K bootstrap simulations to estimate the linear association between these ratios and §,, ;. Figure 5
shows the bootstrapped mean coefficients and 95% confidence intervals. We exclude associations with intervals
crossing zero or with width greater than 10, as these indicate high uncertainty and lack of a reliable effect. The
results suggest that specific item characteristics are consistently linked to profile quality, for example, a higher
proportion of rap tracks is negatively associated with ratings across all models, while a greater share of U.S.-origin
tracks correlates positively.

3.3 Biases in NL profiles

While the linear coefficients shown above suggest that LLMs generate some profiles better than others over certain
item features, this may reflect confounding factors, such as user preferences, rather than true model biases. For
instance, profiles dominated by genres users already prefer (e.g., metal for a metal fan) may receive higher ratings
simply due to taste alignment. In this case, being a metal fan acts as a confounder, influencing both the sampled

ACM Trans. Recomm. Syst.
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Fig. 6. Estimated ATE of genre presence in profiles on ratings, controlling for covariates. Blue bars indicate significant effects;
red bars have 95% Cls crossing zero, suggesting non-significance.

items used to generate the profile and the user’s evaluation of it. As a result, the observed correlation between
genre ratio and rating may be spurious with respect to assessing the LLM’s ability to generalize preferences.
Additionally, users with a strong genre presence may be easier to summarize, particularly for specialists (Figure 4).

To disentangle these effects, we apply a Doubly Robust (DR) estimation of the Average Treatment Effect
(ATE) [11]. This method combines outcome regression and propensity score modeling, yielding consistent
estimates if either model is correctly specified. For a binary treatment variable T, the ATE is:

Z(T(Y Y1(X))

1 (1-T)(Y; - Y(X))
PS(X) Z(

+Hi00) - 5 psce ),

ATE =

where, X is the covariates, Y is the outcome (in our case dr,;), f’l and 1?0 are predicted outcomes given X (via
gradient boosting regression) under treatment and control, and PS(X) is the propensity score from logistic
regression.

To control for taste and exposure biases, we construct covariates X from users’ long-term genre ratios, the
genre composition of profile items (capturing underrepresentation effects), user age, and GS-score. To reduce
collinearity from rare categories (e.g., country or blues), we restrict the analysis to the genres shown in Figure 5.
Treatment is defined as having a genre ratio above the median. The ATE measures the impact of the inclusion of
a given genre on the user ratings while controlling for confounders. For each genre and model, we estimate the
ATE and its 95% confidence interval using 1K bootstrap simulations (Figure 6).

The bootstrapped ATE estimates in Figure 6 show that, even after controlling for our covariates, the presence
of certain content types in the generated profiles still significantly influences user ratings. This is especially
evident for rap and metal: across all models, rap-related content is associated with consistently negative ATEs,
while metal shows positive ones. This suggests that profiles with a higher proportion of rap tracks tend to receive
lower ratings. Sensitivity to content types also varies by model: for example, Gemini and DeepSeek are largely
unaffected by the presence of Belgian and world music, while L1ama see drops in profile quality. Also both
DeepSeek and Llama see a positive effect from Canadian music that is not reliable for Gemini (CI crosses zero).

ACM Trans. Recomm. Syst.
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3.4 Qualitative Analysis: Rap vs Metal

Given the opposing treatment effects observed for metal and rap in the analysis above, we investigate these
profiles in more detail. We selected profiles with above-median genre ratio for each genre and ran a bootstrap
analysis (10K iterations) comparing lexical diversity (type-token ratio, MTLD, average word length, lexical density)
and syntactic structure (average sentence length, number of sentences, verb variety, adjective density). We found
a small but significant difference only for lexical density (Cohen’s d = —0.186), with rap profiles being slightly
more lexically dense than metal ones. All other metrics showed no reliable difference. Qualitative inspection of
the highest-genre-ratio profiles reveals three systematic differences. First, metal profiles consistently foreground
the genre name unambiguously, while rap profiles reframe the genre through geographic or cultural lenses even
when rap dominates the listening history (e.g., “blend of Latin and Caribbean rhythms” for a user with 87% rap
content). Second, French rap, which is prominent across multiple rap-heavy users, is consistently described as
niche or regional (e.g., “underground French scene”, “world music influences”) rather than as a mainstream genre,
potentially alienating users who identify primarily as rap listeners. Third, metal profiles anchor genre identity
through universally recognizable landmark artists (Metallica, Slipknot, Iron Maiden), while rap profiles either
reference niche French underground artists or resort to generic subgenre labels without artist anchors. Together,
these patterns suggest that the performance gap is driven by representational choices in the LLM rather than text
quality, and that it is particularly pronounced for listeners of non-English-language rap.

4 Downstream Evaluation

In this section, we evaluate the generated profiles in a downstream recommendation task. The code for imple-
mentation is made public in our repository?. The ultimate purpose of automatically generating natural language
user taste profiles is to leverage them for downstream recommendation. In the original study [26], the evaluation
of recommendations based on these profiles used a test set constructed by uniformly sampling consumed items
(albeit not used for profile generation) over the entire time period considered. While this provides a controlled
benchmark, it does not reflect the real-world usage scenario where profiles are generated at a given point in time
and then used to predict future user consumption.

4.1 Test Set Definition

In practical settings, once an NL profile is created from a user’s past history, the system’s task is to anticipate
what the user will want to consume going forward. To better approximate this temporal prediction setting, we
instead construct our test sets from items that each user consumed after the start of the evaluation period (April
9, 2025), ensuring that recommendations are evaluated on genuinely future interactions rather than randomly
sampled past ones (see Figure 7a).

For building the test set, we aim to select items that best reflect a user’s preferences around a given reference
time, namely the start of the test period. However, listening behavior is inherently noisy [28]: individual plays
may reflect momentary curiosity or contextual factors rather than stable preferences. Consequently, single
interactions are often unreliable indicators of long-term interest. Rather than relying on the first interaction after
the reference point, we focus on tracks that users have consumed multiple times, as repeated interactions are
more indicative of sustained engagement and stable preferences [27]. At the same time, musical tastes evolve
over time, and interactions that occur far from the reference point become progressively less informative of a
user’s preferences at test time. Extending the considered consumption window too far may therefore capture a
taste profile that deviates from the user’s preferences at the reference time.

To balance interaction frequency and temporal relevance, we assign each interaction between user u and item
v a time-decayed relevance weight r(u, v, t) = exp(—t/7), where t denotes the elapsed time (in days) since the

*https://github.com/deezer/TORS_llm_biases

ACM Trans. Recomm. Syst.


https://github.com/deezer/TORS_LLM_biases

A Study of Biases in LLM-Generated Musical Taste Profiles for Recommendation « 11

1.0
Mg 8 £ HH\HH\HH\HH\HH\HH
I - NG 506 |03
360d 180d 90d  30d; | £
T 04
’ ’ ’ ’ test data c
g Bin
L =02 e Low Stability
Vo t x  Moderate-Low Stability
0401 ' 04-09 (start of the user test) 00 N rl‘;ie;;:t'sh stability
(a) Test item sampling scheme. Recommendations are eval- 0 20 ?IOR {days] & 80
uated by predicting items consumed after the start of the
evaluation period. (b) Stability of sampled items under different half-life values.

Fig. 7. Test set construction and stability analysis. Left: sampling scheme. Right: Jaccard similarity of top-3 items sampled
with different half-lives compared with non-decaying sampling.

interaction relative to the reference time, and v = t/,/In(2), with t,/, being the half-life of the item’s relevance.
For example, a half-life of two days indicates that two days after the reference point, that item’s relevance is
halved from the start. The half-life parameter provides an interpretable way to control how quickly interactions
lose influence. We adopt an exponential decay with a half-life parameter because it offers a simple and principled
trade-off between emphasizing behavior close to a reference time and retaining information from repeated
interactions. By summing these relevance weights and selecting the top-K items per user, we aim to construct
a test set that is robust to behavioral noise, such as short-term exploration, while remaining representative of
users’ preferences at the reference time.

We collect user streaming data from April 9, 2025, to June 30, 2025. To select representative half-life values, we
vary ty/; and, for each setting, compare the top-3 items per user with the top-3 items obtained without temporal
decay (i.e., equal weights). Figure 7b reports the mean Jaccard similarity and corresponding std between each
half-life setting and the non-decayed baseline.

We interpret this similarity as a measure of preference stability. High similarity indicates that the selected
items are largely insensitive to temporal decay, reflecting stable long-term preferences. Low similarity suggests
that recent interactions substantially alter the selected items, indicating more volatile or rapidly evolving tastes.
Intermediate values correspond to moderate stability, where both long-term and recent behaviors contribute
meaningfully. To capture these different stability regimes, we discretize the Jaccard similarities into four linear
bins (Figure 7b) and take the floor of the mean half-life within each bin to obtain four representative values: 4, 14,
30, and 64 days. For each half-life value, we sample 10 positive items per user and 1K negative items. To account
for sampling variability, we repeat this procedure using five different random seeds, resulting in a total of 20 test
sets (4 half-life values x 5 seeds).

4.2 Encoding user and item Representation from NL Descriptions

Following prior work, we adopt a recommendation approach by embedding NL profiles and item metadata into
a shared latent space [12, 22]. Profiles are used as-is, while each track is associated with a textual metadata
representation, as used in the prompts. Importantly, not all items have the same amount of available metadata,
and the handling of missing information can substantially affect the resulting representations. A portion of tracks
lack key attributes, such as the main genre (about 10%) or the artist name (9.8%). This occurs because metadata
collection is often imperfect and subject to systematic biases and degraded quality for the long tail; for instance,
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among tracks originating from Ukraine, 12% are missing genre information, compared to a median of 2% across
other countries.

Filling missing fields with placeholder values like "unknown" may introduce spurious signals, as encoder models
can learn to associate these specific tokens with patterns of data scarcity, thereby biasing the resulting vector
representations. To try and mitigate this, we generate textual descriptions using only the available metadata,
omitting missing fields entirely. Consequently, items are represented with varying degrees of granularity, ranging
from complete descriptions (e.g., “title: Smash, artist: The Offspring, origin country: United States of America,
album release date: 1994, main genre: Rock music, secondary genre: Grunge”) to more sparse, attribute-reduced
sets.

Unlike the original study [26], where we fine-tuned a single text encoder, in this work we instead evaluate four
pretrained text encoders without additional fine-tuning. This decision is motivated by several considerations. First,
fine-tuning large text encoders—particularly those based on LLM architectures, typically requires substantially
more data than the 1200 user profiles available as positive examples in our setting (100 users x 3 LLMs x 4 time
windows; not all users completed the study). Second, we aim to disentangle recommendation performance from
the intrinsic representation capacity of the encoders, allowing us to assess how well generated user profiles
align with encoded item representations without further optimization. Third, the original approach relied on a
teacher—student paradigm [10], where a cross-encoder fine-tuned on music genres and tags acted as the teacher. In
practice, we observe that many modern pretrained encoders already capture genre distinctions and tag semantics
effectively, a result we further analyze in Section 4.2.2.

The primary criterion for selecting the encoders was that they be open-source and achieve strong retrieval
performance within their size category on the MTEB leaderboard.’. In addition, we aimed to cover diverse
architectures, training objectives, and datasets. Specifically, embeddinggemma-300m represents an LLM-based
embedding approach built on a T5 encoder—decoder architecture with Gemma3 as its backbone decoder [32].
gte-multilingual-base is a mid-sized, encoder-only model optimized for multilingual retrieval and represen-
tation learning [36]. Finally, al1-MiniLM-L6-v2 and msmarco-bert-base-dot-v5 are widely used sentence-
transformer baselines [24], compact models based on BERT [8] and MiniLM [34], respectively, and fine-tuned
on different retrieval datasets. We did not include larger LLM-based embedding models due to their higher
computation cost, which would make deployment in a recommender system less practical. Overall, this selection
enables us to evaluate the robustness of our approach across diverse embedding families, rather than relying on a
single representation paradigm.

4.2.1 User Representation. Investigating the structure of the encoded profiles provides insight into the character-
istic patterns induced by each LLM. Figure 9 presents a two-dimensional t-SNE projection of the embeddings of a
sample of generated profiles, with each point annotated according to the LLM used for profile generation. This
visualization suggests that different encoders promote distinct structural organizations in the embedding space.
For example, profiles encoded with msmarco-bert-base-dot-v5 exhibit pronounced clustering with respect to
the generating LLM.

To further examine the latent space structure, we conduct a local neighborhood analysis that mirrors the
retrieval mechanism employed in our recommendation task. For each encoder, we randomly sample 500 profiles
and retrieve their 11 nearest neighbors based on cosine similarity, corresponding to the fact that each user is
associated with 12 profiles (3 LLMs X 4 time windows). Within each neighborhood, we compute the average
consistency with respect to both user id and generating model. Since all profiles associated with a given user are
derived from the same listening history, we expect well-structured embeddings to retrieve profiles belonging to
the same user. Additionally, by measuring consistency with respect to the profile-generating LLM, we assess the
extent to which profiles produced by the same model are encoded close to each other in the latent space.

Shttps://huggingface.co/spaces/mteb/leaderboard
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Fig. 8. t-SNE projection of the generated profiles encoded representations.

From Table 1, we observe that, for all encoders except embeddinggemma-300m, profiles generated with Gemini
achieve the highest user-match values. This indicates that, in the embedding space, profiles belonging to the same
user tend to lie closer to each other when generated by Gemini. At the same time, Gemini-generated profiles
also exhibit consistently higher model-match values across encoders, meaning they are more likely to have
nearest neighbors produced by the same LLM. This suggests stronger clustering by model, or the presence of
description patterns that are more distinctive than those produced by the other LLMs. While such consistency
may indicate more stable user representations, which is desirable, it may also reflect reduced stylistic diversity,
which could limit the expressiveness of the resulting profiles. We recall that Gemini generated profiles tended
to be shorter than the others, in number of characters: Gemini: 396.43 + 70.62; DeepSeek: 543.00 + 153.06; and
Llama: 638.16 + 117.54.

4.2.2  Item Representation. To provide a qualitative view of the information captured by the encoded item NL
information, Figure 9 shows the 2D t-SNE projection of a sample of 10K NL descriptions of music tracks from
our dataset. For clarity, we display only the ten most frequent genres, together with an “unknown” category for
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Encoder

LLM

User Match

Model Match

embeddinggemma-300m
embeddinggemma-300m
embeddinggemma-300m

DeepSeek
Gemini
Llama

25.2% + 18.5%
26.5% + 15.9%
30.1% + 21.2%

46.8% + 18.7%
83.5% + 14.9%
57.9% + 24.9%

all-all-MiniLM-L6-v2-v2
all-all-MiniLM-L6-v2-v2
all-all-MiniLM-L6-v2-v2

DeepSeek
Gemini
Llama

16.1% + 16.5%
21.3% + 14.2%
16.1% + 14.0%

53.4% + 22.2%
78.0% + 16.9%
68.1% + 24.1%

gte-multilingual-base
gte-multilingual-base
gte-multilingual-base

DeepSeek
Gemini
Llama

14.4% + 14.3%
23.5% + 15.6%
21.9% £ 16.1%

70.5% + 20.7%
80.0% + 19.2%
65.4% + 21.0%

msmarco-bert-base-dot-v5
msmarco-bert-base-dot-v5
msmarco-bert-base-dot-v5

DeepSeek
Gemini
Llama

11.9% + 12.7%
17.0% = 11.1%
10.8% = 9.4%

66.3% + 25.0%
91.9% + 11.2%
76.5% + 15.9%

Table 1. Profile characterization: local neighborhood analysis.

Encoder Unknown Rock Rap Electronic Pop Soul World Metal Jazz Chanson
embeddinggemma-300m 0.988 0.989  0.995 0.994 0.983 0.987 0983 0.991 0.986 0.993
all-all-MiniLM-L6-v2-v2 0.970 0.905 0.929 0.949 0.811 0.902 0.824 0.935 0.945 0.838
gte-multilingual-base 0.984 0.969 0.972 0.978 0.926 0974 0938 0.964 0.970 0.974
msmarco-bert-base-dot-v5 0.994 0.954 0.963 0.980 0.909 0938 0.951 0.959 0.970 0.941
Support 2007 3985 2653 2029 1742 1174 1069 1054 688 495

Table 2. Per-genre F1-scores of logistic regression classifiers trained on encoder embeddings.

tracks without genre information. Although the degree of clustering varies across models, all encoders exhibit
some level of genre-structure preservation. We further quantify this property by using the resulting embeddings
as input to a logistic regression classifier trained on 74k sampled representations to predict the genre labels (17
most popular) of 18k tracks. As reported in Table 2, all models achieve strong genre classification performance.
This is expected, as the natural language descriptions explicitly include genre metadata when available. This
experiment serves as a validation of the encoders’ ability to preserve and prioritize key categorical signals within
the latent space. In particular, embeddinggemma-300m achieves near-perfect performance (F1 > 0.98), indicating
that its embeddings perfectly linearize these explicit textual attributes. While gte-multilingual-base and
msmarco-bert-base-dot-v5 perform similarly well, the slightly lower performance of al1-MinilLM-L6-v2 on
broad categories like World music suggests a less robust handling of diverse linguistic contexts, even when the
tokens are present.

The consistently high predictive performance for the “unknown” category across all encoders is noteworthy. In
principle, models could leverage attributes such as artist names or track titles to infer missing genre information.
However, our results suggest that, in practice, the representations tend to encode the presence of missing metadata
itself, rather than reliably extrapolating the underlying genre.

To gain insight into which metadata attributes most strongly structure the latent space, we perform a local
neighborhood analysis similar to the one above. For each encoder, we sample 1K random tracks (excluding
those with missing attributes) and retrieve their 10 nearest neighbors based on cosine similarity. Within each
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Fig. 9. t-SNE projection of item encoded representations.

neighborhood, we compute the average consistency (match rate) for genre, country of origin, and release year.
These statistics provide an empirical measure of the extent to which similarity relationships are driven by specific
metadata: higher match rates suggest that an attribute is a more prominent axis of organization within the
representation.

Table 3 shows that all encoders exhibit substantial alignment with both genre and country of origin, with
embeddinggemma300m and gtemultilingualbase achieving the highest consistency. This suggests that topo-
logical proximity in the latent space is strongly associated with these two categorical attributes. In contrast,
release year is captured to varying degrees: while gte-multilingual-base shows substantial sensitivity (65.3%),
all-MinilM-L6-v2 and msmarco-bert-base-dot-v5 exhibit relatively weak sensitivity. This lower consistency
for release year is expected, as year metadata is often noisy due to re-issues, compilations, or remastered versions.
Finally, the relatively large standard deviations indicate that the embedding space is heterogeneous, with different
regions emphasizing different metadata attributes. Taken together, these results show that the choice of encoder
meaningfully affects the semantics encoded in item representations.

ACM Trans. Recomm. Syst.



16

B. Sguerra et al.

Encoder

Genre Match  Country Match

Year Match

embeddinggemma-300m
all-MiniLM-L6-v2
gte-multilingual-base
msmarco-bert-base-dot-v5

85.9% + 20.7%
71.8% + 29.1%
79.7% + 22.6%
62.3% + 31.7%

84.2% + 23.9%
75.8% + 29.4%
80.7% + 27.4%
69.0% + 31.2%

40.4% + 26.2%
18.4% + 19.2%
65.3% + 27.7%
14.7% + 17.1%

Table 3. Item characterization: local neighborhood analysis.

Encoder

Recall@10

NDCG@10

embeddinggemma-300m
all-MiniLM-L6-v2
gte-multilingual-base
msmarco-bert-base-dot-v5

6.61% + 1.75%
5.01% £+ 0.93%
3.92% + 0.93%
2.85% +0.72%

6.7% + 1.93%
4.97% + 0.99%
4.03% + 1.03%
3.04% + 0.88%

Table 4. Overall recommendation performance per encoder, aggregating all LLMs used for profile generation, time windows
and test sets.

4.3 Recommendation Task Performance

We now use the derived embeddings to predict the top-10 tracks sampled using the time-decay scheme described
in Section 4.1, considering four different t;/,: 4, 14, 30, and 64. Following [26], we evaluate performance using
Recall@10 and NDCG@10, two standard recommendation metrics. Item relevance is computed as the cosine
similarity between user profile and item embeddings. Figure 10 reports the mean performance and 95% confidence
intervals for both metrics across half-life values, for each encoder and profile generation model. It is notable that
the pattern is not the same for all encoders and LLMs, for instance, the recommendation performance for the pair
embeddinggemma-300m and L1ama, that achieve the highest score, follow a slight inverted-U shape, peaking at
the test set sampled with 14 days as half-life. On the other hand, embeddinggemma-300m and DeepSeek show a
slight upward trajectory, with performance increasing with the higher half-life value. Note that here we’re mixing
profiles that were sampled from different time windows, hereafter, we will solely focus on embeddinggemma-300m
as the encoder, as it achieves the highest overall performance as seen in Table 4.

To investigate the effects of the test set’s half-life, time window, and profile-generation model on Recall@10, we
conducted a three-way ANOVA. The analysis revealed significant main effects of half-life (F(3, 192) = 47.12, p =
7.24 X 1072%), time window (F(3,192) = 37.98, p = 2.58 x 10~ %), and profile-generation LLM (F(2, 192) = 1612.00,
P =9.54x107121). Among these, the LLM factor exhibited the largest effect, indicating that the choice of LLM and
its profile structure is the dominant driver of Recall@10. In addition, all two-way interactions were significant:
half-life X time window (F(9, 192) = 20.55, p = 5.20 X 10~2%), half-life x profile-generation LLM (F(6,192) = 95.01,
P = 8.96 X 107°%), and time window X profile-generation LLM (F(6,192) = 51.01, p = 3.29 X 10~%7), as well as
the three-way interaction half-life x time window X profile-generation LLM (F(18,192) = 5.22, p = 1.02 x 107).
Overall, these results indicate that the impact of temporal sampling on Recall@10 depends jointly on the evaluation
setting and the profile-generation model, implying that no single time-window/half-life configuration is uniformly
optimal across profile-generation LLMs.

Following [26], we investigate the relationship between recommendation performance and user self-recognition
by fitting bootstrapped linear regression models that predict normalized recommendation metrics from user
ratings. The resulting coefficients quantify the average change in recommendation performance associated
with a one-unit increase in user self-identification. Figure 11 reports the mean and 95% confidence intervals
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Fig. 10. Recall@10 and NDCG@10 over different test sets obtained by encoding profile and item metadata with different
encoders.

obtained from 1K bootstrap resamples for each LLM used to build the profiles and test-set configuration. All
metrics and LLMs show a weak positive linear relationship, indicating a misalignment between self-recognition
and recommendation performance. Within each LLM, differences across test sets are generally small. With
the exception of DeepSeek at t;/; = 30, whose confidence interval crosses zero, most models exhibit a slight
decreasing trend in the regression coefficient as t;/; increases, with the weakest association observed for t;/; = 64.
Although these effects are modest, they suggest that temporally informed item sampling plays a role in aligning
recommendation performance with user perceptions.

The largest differences, however, arise across profile-generation models. In particular, profiles generated by
Llama consistently exhibit stronger correlations between recommendation quality and users’ self-identification
ratings, indicating better alignment with subjective user evaluations.

5 Discussion and Conclusion

This paper assessed the quality of LLM-generated NL user profiles along two complementary dimensions: user
ratings and downstream recommendation performance. By comparing profiles generated from items sampled
over varying time windows of users’ listening histories, we found that the length of the sampling window had
only a limited impact on user ratings. As long as key preferences were captured, participants generally recognized
themselves in the generated profiles. Nevertheless, one participant remarked that their profile was “missing quite
a big part of my taste in music” and questioned whether the observation period was sufficiently long to reflect
their interest in reggae.

In contrast, the largest variation in user ratings was attributable to the choice of LLM rather than to the
underlying data window. This variation appears to reflect systematic stylistic differences in the generated profiles.
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Fig. 11. Bootstrapped linear coefficients predicting normalized recommendation scores from ratings.

For example, Gemini tended to produce shorter and more high-level descriptions, whereas L1ama frequently
emphasized specific artists and track names, despite explicit prompt instructions. Some participants expressed
a preference for this more concrete style, with one noting that they favored profiles “with the name of artists
I listened to.” DeepSeek, in turn, occasionally foregrounded technical metadata such as “remastered” tags in
track titles, which several users perceived as less meaningful for representing their preferences. Overall, these
observations suggest that user evaluations are influenced not only by the informational content of the profiles, but
also by their stylistic and representational choices. Given the diversity of user expectations and the model-specific
biases observed, a more systematic qualitative analysis would be required to identify which profile characteristics
most strongly contribute to user satisfaction.

We further examined how user and item characteristics influenced profile quality. Profiles of specialist users, as
measured by high GS-scores, tended to receive higher ratings, suggesting that more focused musical tastes may
be easier to capture in NL form. Item characteristics, such as genre and country ratios, were also correlated with
ratings, both positively and negatively. To account for potential confounding factors such as taste alignment, we
employed a DR framework. The resulting average treatment effects indicate that some content types systematically
influenced ratings: for example, rap content tended to reduce scores, whereas metal content increased them,
within the limits of our sample size. While it remains unclear whether these effects stem primarily from metadata
quality or from model behavior, the fact that different LLMs responded differently to identical metadata suggests
the presence of model-specific biases in content representation. These findings raise fairness concerns, as some
users may consistently receive more representative profiles than others. Given that LLMs inherit biases from the
textual data on which they are trained, communities that are underrepresented in digital corpora, particularly non-
English-speaking ones, may be disproportionately disadvantaged. We note, however, that our study considered
only three LLMs, and these conclusions may not generalize to all models. Moreover, our user study recruited
participants exclusively from within a music streaming company, which may further limit the generalizability
of our findings. Future research should investigate a larger, more diverse population. That said, as discussed
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in Section 3.1, participants’ musical engagement as measured by the Gold-MSI [19] was below the reported
population norm, suggesting they do not interact with music more intensively than the general population
despite their professional context.

In the downstream recommendation task, we evaluated the usability of the generated profiles for predicting
items consumed after the user study. We encoded both user profiles and item metadata using four different
encoders and analyzed the resulting embeddings. Neighborhood analyses revealed that item representations
were largely governed by genre and country of origin and were particularly sensitive to missing metadata. This
raises important concerns, as recommendations based on such embeddings may suffer from limited diversity,
for example by favoring items from the same region or genre. Moreover, long-tail items may be systematically
under-recommended if they lack complete metadata and end up projected together in the latent space. Mitigating
these effects will require more carefully designed representation and recommendation strategies. Future work
should investigate strategies such as prompt engineering with explicit masking tokens or imputation instructions
to prevent encoders from clustering items based on data sparsity rather than semantic content. Another promising
avenue is to leverage additional sources of information, such as audio signals or collaborative filtering, to enrich
item representations and reduce dependence on textual metadata completeness.

Furthermore, user ratings and recommendation performance were only weakly correlated, revealing a mis-
alignment between perceived representativeness and algorithmic utility. This finding has important implications
for user trust: if users do not recognize themselves in profiles optimized for recommendation accuracy, their
confidence in the system may be undermined. A plausible explanation lies in how users conceptualize their own
musical taste, and whether it primarily reflects recent consumption patterns or a more stable, long-term construct.
In this study, participants evaluated how well profiles captured their perceived musical taste, rather than how
well they matched their current recommendation needs. While these notions are likely correlated, they are not
equivalent, and for some users they may not substantially overlap. A key motivation for music recommendation
is precisely to facilitate discovery of tracks and genres users have not previously encountered [18], and might not
yet recognize themselves in. Moreover, stated preferences may be inconsistent with revealed preferences [1]. One
possible direction to address this is to maintain two separate representations: one grounded in established musical
taste, and one optimized for predictive ranking performance. In deployment, the relative weight of each could be
adjusted per user and context, reflecting different trade-offs between familiarity and exploration. Future work
could investigate how to expose and tune this trade-off in an interpretable way, and more carefully disentangle
self-perception, recommendation goals, and system optimization.
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