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Abstract

Accurately modeling user preferences is vital not only for improv-
ing recommendation performance but also for enhancing trans-
parency in recommender systems. Conventional user-profiling
methods—such as averaging item embeddings—often overlook the
evolving, nuanced nature of user interests, particularly the inter-
play between short-term and long-term preferences. In this work,
we leverage large language models (LLMs) to generate natural
language summaries of users’ interaction histories, distinguishing
recent behaviors from more persistent tendencies. Our framework
not only models temporal user preferences but also produces natu-
ral language profiles that can be used to explain recommendations
in an interpretable manner. These textual profiles are encoded via a
pre-trained model, and an attention mechanism dynamically fuses
the short-term and long-term embeddings into a comprehensive
user representation. Beyond boosting recommendation accuracy
over multiple baselines, our approach naturally supports explain-
ability: the interpretable text summaries and attention weights can
be exposed to end users, offering insights into why specific items
are suggested. Experiments on real-world datasets underscore both
the performance gains and the promise of generating clearer, more
transparent justifications for content-based recommendations.
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«+ Information systems — Recommender systems.
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1 Introduction

Explainability has emerged as a critical requirement for recom-
mender systems, enabling end users to understand—and hence
trust—the reasons behind particular suggestions [23]. In content-
based settings [10], where item metadata and textual descriptions
drive user-item matching, many approaches continue to focus nar-
rowly on maximizing predictive accuracy. They often overlook
interpretability, commonly representing user preferences by simply
averaging the embeddings of all items a user has interacted with
[14]. While this “centric” approach is straightforward, it neglects
the evolving nature of user interests and offers limited insight into
why a recommendation is made.

To address these limitations, we propose a method that not only
models user preferences more accurately but also inherently sup-
ports explanation. Our framework leverages large language models
(LLMs) [24] to transform each user’s interaction history into two
textual “profiles”: one highlighting short-term behaviors and an-
other capturing stable, long-term tastes. These natural-language
profiles are then encoded via a pre-trained BERT [5] model, result-
ing in two high-dimensional embeddings. An attention mechanism
[22] dynamically fuses these embeddings into a single representa-
tion that drives recommendations. Crucially, because the original
short-term and long-term summaries are human-readable, they
serve as transparent rationales—an essential step toward explain-
ability. We validate our approach on real-world datasets across two
distinct domains. In particular, these domains differ in their average
user-profile size, enabling us to investigate whether an LLM-driven
fusion of short-term and long-term preferences is effective in con-
texts with more dynamic or stable user behaviors. The textual
summaries generated for each user not only support interpretabil-
ity for end users but also can serve as a valuable tool for system
designers, offering insight into the model’s representation of user
preferences and the rationale behind specific recommendations.

In addition, the attention mechanism applied over short-term
and long-term embeddings exposes the relative influence of re-
cent versus persistent user interests in shaping each recommen-
dation. This dual-level transparency, combining human-readable
summaries with interpretable model dynamics, can address practi-
cal demands in numerous settings where stakeholders increasingly
require model outputs to be interpretable.

In this paper, we explore whether our LLM-based approach can
improve ranking performance across domains characterized by dif-
ferent average profile sizes. We also show how the framework’s
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textual summaries and attention mechanism can contribute to in-
terpretability, clarifying for end users whether a recommendation
is driven more by recent consumption patterns or by stable, endur-
ing interests. Moreover, we investigate the relative impact of each
architectural component in achieving strong results.

Our contributions are threefold. First, we propose a user-profiling
strategy that integrates temporal signals into semantically rich, text-
based representations, naturally suited for explanation. Second, we
incorporate an attention mechanism that flexibly adapts to each
user’s evolving interests, providing a clear, interpretable view of
how these interests guide recommendations. Finally, we present
an empirical evaluation on datasets reflecting contrasting profile
sizes and preference dynamics, confirming that our approach not
only boosts recommendation accuracy but also furnishes valuable
explanatory insights. By unifying temporal user modeling with in-
herent interpretability, this work sets the stage for more transparent,
trustworthy content-based recommender systems.

2 Related Works

Explainable recommendations [23] have increasingly become a
focal point in recommender systems research, with recent works
emphasizing the need to balance transparency and accuracy. For
example, [4] proposes a theoretical framework for integrating ex-
planations into recommendation pipelines, illustrating how even
simple explanatory interfaces can boost user trust. Similarly, [2]
interpretability by summarizing content and applying a linear at-
tention mechanism, showing that clear textual justifications can
coexist with competitive predictive performance. The trade-off
between transparency and accuracy is examined in [25], which
leverages user reviews to produce more interpretable suggestions.
Meanwhile, user studies such as [3] highlight how varying the
depth of explanations can significantly impact user satisfaction,
indicating that the detail level should be adaptive rather than fixed.

Recent research has also begun exploring large language models
(LLMs) as a foundation for explainability. [11] demonstrates that
LLMs can generate high-quality, personalized explanations that
help users better evaluate recommended items. Building on such ca-
pabilities, XRec[12] uses a lightweight collaborative adaptor to help
LLMs interpret user-item interactions, thus producing thorough,
human-readable explanations.

Meanwhile, Knowledge graph-based approaches [7] have lever-
aged side information to enhance transparency. Studies like [17]
integrates knowledge graphs with LLM-generated reviews to high-
light the reasoning paths behind recommendations, enabling in-
terpretable item discovery even in cross-selling scenarios. Like-
wise, [18] introduces a powerful model-intrinsic method that ex-
tends KGAT (Knowledge Graph Attention Network) [21]. Specif-
ically, they leverage large volumes of structured side informa-
tion—including users’ demographics, item attributes, and multi-
ple one-to-many relations—and compress it via latent-class mod-
eling. Doing so reduces computational overhead and preserves
interpretability by enabling direct visualization of which edges or
neighbors drive the recommendation. This approach is particu-
larly relevant to real-world e-commerce scenarios, in which com-
panies store extensive multi-factor data. Their improvements high-
light how “soft edges” can be used to refine attention weights and
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speed up training, thereby removing a key practical bottleneck of
knowledge-graph-based explainable models.

Our work shares similarities with [18], as both emphasize ex-
plainability in recommendation systems enhanced by advanced
neural components. However, our methodology diverges in the
nature of input data utilized: whereas [18] relies on side informa-
tion derived from knowledge graphs, we leverage textual repre-
sentations derived from user interaction histories. Specifically, we
prompt large language models (LLMs) to summarize short-term ver-
sus long-term user behaviors, generating coherent and interpretable
narratives suitable for direct user consumption. This integration of
natural language within the recommendation pipeline effectively
connects semantic insights from LLMs with temporal user behavior
dynamics. Furthermore, our model explicitly differentiates between
recent interests and persistent preferences, merging these aspects
via an attention mechanism to produce intrinsically interpretable
user profiles.

Despite substantial advances [2, 4, 18, 23] in generating robust
and comprehensible explanations, existing methods predominantly
focus either on static user profiles or strictly sequential behav-
ioral patterns. Consequently, they often fail to account for the
significant differences between transient interests and stable, long-
term user preferences. While certain recommendation methods
[9, 20, 26] incorporate temporal dynamics, they generally do not
utilize LLM-generated narratives that clarify the temporal evolu-
tion of recommendations to end users. In contrast, our method
explicitly partitions user interaction histories into short-term and
long-term textual summaries, subsequently encoding and integrat-
ing these summaries through an attention mechanism to support
recommendation generation. Importantly, the original textual sum-
maries remain directly accessible as built-in explanations of user
interests, transparently illustrating the interplay between recent
and enduring preferences without requiring additional annotations
or extensive post-processing. Thus, our approach bridges the gap
between advanced LLM-driven explainability and nuanced tempo-
ral modeling of user behavior.

3 Explainable LLM-Driven Temporal User
Profiling

LetU = {uy,uy,..., u|qq) } denote the set of users,and 7 = {iy, ip, ...
) I|} denote the set of items. Each user u € U interacts with a
subset of items 7, C 7, where each interaction is associated with a
timestamp t,, ;. Let Hy, = {(i, ty,;) : i € I} represent the interac-
tion history of user u, sorted in ascending order of timestamps.

The objective is to learn a user embedding e, € R? and an
item embedding e; € RY for each user u and item i, such that
the likelihood of user u interacting with item i can be predicted
accurately. Specifically, we aim to estimate a function f : RYxRY —
[0, 1] that predicts the interaction probability ¢, ; as:

gu:i = f(eus ei)) (1)

where 7,,; denotes the predicted likelihood of user u interacting
with item i, and f is implemented as a multi-layer perceptron (MLP).

The proposed architecture for explainable LLM-driven temporal
user profiling, illustrated in Figure 1, leverages temporal informa-
tion and semantic representations to generate personalized and



Towards Explainable Temporal User Profiling with LLMs

Potential Explainable Output
User
Interaction
History

-
i

I / Short-term Preference 0 Q
56 ' (NLuShort) ! _CED 3
o ® Rl - mo 8
Y me 2
T3 e - S3s
- ’ . ~ @
5 /" Long-term Preference ‘_f_’ =2
=@ i

) \ (NL“Long) N =R

N -
\

Potential Explainable Qutput
Generated natural language representations of user's long-term
preference based on prompt emphasizing persistent behaviours.

Item Meta
Data

Contextual Word Representation (BERT)

Generates semantic embeddings for items based on their
textual metadata (e.g., descriptions).

Generated natural language representations of user's short-term
preference based on prompt emphasizing recent behaviours.

UMAP Adjunct *25, June 16-19, 2025, New York City, NY, USA

Fusing short-/long-term embeddings dynamically to
create overall user embeddings.
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interaction likelihood using an MLP for final recommendation scoring.

Figure 1: Proposed Architecture for LLM-Driven Temporal User Profiling

interpretable user embeddings. The model consists of three key
components: (i) Temporal User Profile Creation, (ii) Embedding
Representation, and (iii) Recommendation Generation.

Beyond capturing user dynamics, each component also con-
tributes to transparency. Our framework generates human-readable
text and user-specific attention weights, both of which can be ex-
posed to end users or analysts as intrinsic explanations of why each
recommendation is made.

3.1 User Profile Creation

To construct a temporal-aware user profile, we generate two distinct
natural language representations of user preferences: short-term
preferences and long-term preferences. Let Hy, = {(i, t,;) : i € I}
denote the interaction history of user u, where t,, ; represents the
timestamp of interaction with item i. The interaction history is
sorted in ascending order of timestamps to maintain chronological
order. We utilize a Large Language Model (LLM) to process the
entire user interaction history twice, using distinct prompts to
generate separate representations for short-term and long-term
preferences:

Pass 1: Short-Term Profile Generation. The complete interaction
history H,, is provided as input to the LLM along with a task-
specific prompt that instructs the model to extract the user’s short-
term interests, placing greater emphasis on the most recent interac-
tions while still considering temporal context. The LLM generates a
natural language representation of short-term preferences, denoted
as:
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NLSPort — LLM(H,,, Prompt®h°r). (2)

Pass 2: Long-Term Profile Generation. The same interaction his-
tory H,, is passed to the LLM again, but this time with a different
prompt that instructs the model to generate a long-term preference
profile by considering the user’s entire history, capturing overar-
ching interests and persistent behavioral patterns. The resulting
representation is:

NL" _ [ 1 M(#,, Prompt/°n8). 3)

By explicitly utilizing distinct prompts while keeping the full
interaction history intact, this approach enables the LLM to contex-
tually differentiate between recent and persistent user preferences,
addressing the limitations of traditional centric-based approaches
that fail to incorporate temporal user dynamics.

Because these profiles are output as coherent text, they can be
exposed directly to end users or system designers as an explanatory
rationale. For example, the short-term profile might read:

“The user recently interacted with several action-thriller
titles and has shown interest in fast-paced content.”

Such natural language descriptions explicitly reveal which recent
patterns are driving the recommendation. Meanwhile, the long-
term profile might include broader statements about the user’s
historical favorites or consistent behavioral patterns, giving a trans-
parent view of persistent interests.
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3.2 Embedding Representation

The generated natural language representations are encoded into
high-dimensional embeddings using a pre-trained BERT model [5],
resulting in short-term user embedding and long-term user embed-
ding, as follows:

réhort — BERT(NLSPO™), )
r°" — BERT(NL\8). )
Here, Pt ¢ RY and rluOng € R? are d-dimensional embeddings

representing the short-term and long-term preferences of user u,
respectively. Equations 4 and 5 describe the encoding process in
which BERT converts each natural language profile into a dense
vector representation. These embeddings capture both the semantic
richness of user preferences and contextual nuances from interac-
tion histories, serving as the basis for constructing the final user
profile. Similarly, item descriptions are processed by BERT to gen-
erate item embeddings, ensuring that user and item representations
lie in the same embedding space.

To construct the overall user embedding, an attention mecha-
nism [22] is applied to dynamically fuse the short-term and long-
term user embeddings. The attention mechanism computes per-
sonalized importance weights for short-term and long-term prefer-
ences, enabling the model to adaptively emphasize recent interac-
tions for users with rapidly changing interests or highlight stable,
overarching tendencies for users with persistent behaviors. This
dynamic fusion mechanism is a key differentiator from the centric
approach, where user profiles are created by simply averaging item

embeddings, thereby neglecting temporal nuances.

1 . . .
Let a5 and a;,,"® denote the attention weights assigned to

the short-term and long-term preference embeddings, respectively.
The attention weights are computed as:

h
a,short _ eXP(WarZ ort) (6)
u = s
exp(Wrif ™) + exp(Wory, )
0{1110“8 -1- alslhort, )

where W, € R s a learnable parameter vector, and exp(-) de-
notes the exponential function. Equation 6 computes the attention
weight for short-term preferences, while Equation 7 ensures that
the sum of these attention weights equals 1.

The overall user embedding e, is then obtained as a weighted
sum of the short-term and long-term embeddings:

_ _short _short
=ay “lu

ey r + ailong . rf“g, 8)

where e, € R represents the final user embedding. As shown in
Equation 8, the attention mechanism enables the model to dynami-
cally balance the influence of short-term and long-term preferences

based on user-specific interaction patterns.

. . )t
The learned attention weights a,ihort and a,,"® can be surfaced

in a real system to communicate the relative importance of the
user’s recent vs. historical activities. For instance, if a,ihmt is very
high for a user, it indicates that the model believes the user’s latest
interactions dominate their current recommendations—a straight-
forward, interpretable explanation for why certain items appear

more prominently.

g
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3.3 Recommendation Generation

The final user embedding e, obtained from the attention mecha-
nism, is concatenated with the corresponding item embedding e;
and passed through a multi-layer perceptron (MLP) [15] to predict
the interaction probability of user u:

gu,i = MLP([eu; ei])s (9)

where [ey;e;] € R2 denotes the concatenation of the user embed-
ding e, and the item embedding e;, and ,,; € [0, 1] represents the
predicted probability that user u will interact with item i.

As shown in Equation 9, the MLP acts as a scoring function that
learns non-linear interactions between user and item embeddings.
The final output is a probability indicating the likelihood of interac-
tion. The MLP consists of multiple fully connected layers with ReLU
activation functions, followed by a sigmoid output layer to ensure
that the output lies in the range [0, 1]. The model is trained using
a binary cross-entropy loss, where the target label y,,; € {0,1}
indicates whether user u interacted with item i:

1
£=—@ Z

(wi,yui)€D

(11108 G + (1= ) log(1 = 1)) (10)

where D represents the set of all user—item interaction pairs in the
training dataset. Equation 10 penalizes the difference between the
predicted probability ¢, ; and the true label y,, ;, driving the model
to learn accurate predictions.

3.4 Model Highlights and Strengths

Compared to a simpler “centric” baseline that averages item em-
beddings without distinguishing short-term from long-term prefer-
ences, the present architecture offers two key benefits:

(1) Temporal Awareness: By explicitly modeling short-term and
long-term preferences and fusing them via an attention mechanism,
the model better captures how user interests shift over time, leading
to improved performance.

(2) Intrinsic Explainability: Each user’s short-term and long-term
text profiles can be exposed directly, while the attention weights
inform whether recent or persistent behaviors drive the recommen-
dation. This provides a transparent rationale far more meaningful
than a single averaged vector of past items.

In essence, the synergy of LLM-based text generation and attention-
based fusion yields highly semantic user embeddings that not only
boost recommendation metrics (e.g., Recall@K, NDCG@K) but also
enable end users and system developers to see precisely which as-
pects of a user’s recent or long-running behaviors are influencing
each recommendation.

4 Experiments & Explainability Demonstration

In this research, our primary focus is to propose an LLM-based
method for creating explainable user profiles, specifically for content-
based recommendation systems. The goal of these experiments is to
evaluate the effectiveness of our approach in incorporating tempo-
ral dynamics, improving recommendation quality, and generating
more interpretable user profiles compared to baseline models. Addi-
tionally, we showcase how our framework’s outputs can be used to
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A) Short-Term: "The user recently favors
heartwarming classics and romantic films
with nostalgic tones, drawn to
relationship-driven stories and gentle
mysteries that offer emotional comfort.”

B) Long-Term: "The user has consistently
preferred emotionally intense dramas and
classic film noir, with a strong interest in
morally complex, character-driven stories
exploring the human condition."
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C) Recommendation: "Based on your
recent love for romantic classics with
emotional depth and your lasting interest in
morally complex, character-driven dramas,
we recommend Atonement —a visually

a_short= 0.7

a_long = 0.3

stunning tale of love, sacrifice, and the
lasting impact of one fateful choice."

70% short,
30% long

Figure 2: A conceptual illustration of our framework’s potential explainability. (A) and (B) depict the short-term vs. long-
term textual profiles our current approach generates and encodes. (C) shows a hypothetical extension wherein the final
recommendation is explicitly justified by both sets of preferences—an aspect we plan to explore in future work.

offer transparent justifications for recommended items. The code,
data, prompts, and experimental results are available on GitHub!.

4.1 Datasets

We evaluated our proposed method on two public datasets drawn
from Amazon Product Reviews [8], specifically the Movies&TV
and Video Games categories. We deliberately selected these two
domains to observe our approach’s effectiveness under contrasting
user-profile characteristics:

Movies&TV: Users in this domain often have larger and more
diverse interaction histories, which are subject to frequent changes
in taste (e.g., seasonal shifts, trend-driven watching habits). This
makes Movies&TV a natural testbed for short-term vs. long-term
preference modeling.

Video Games: By contrast, many gamers have fewer overall in-
teractions and more stable preferences—often remaining loyal to
specific genres or franchises. This dataset thus enables us to exam-
ine whether our method’s LLM-driven, temporally aware profile
construction retains benefits when user histories are relatively
sparse and less variable.

To ensure high-quality item representations, we filtered the meta-
data to keep only items with mostly English text and descriptions
of at least 500 characters, providing enough context for the LLM
to model user preferences. Both datasets provide interaction logs
with timestamps, allowing us to incorporate temporal behavior into
recommendation. Additionally, each item’s textual metadata (titles,
descriptions) was leveraged to create BERT-based item embeddings,
used by our method and all baselines for a fair comparison. Table 1
presents the high-level dataset details—total users, total items, and
overall interaction counts. Meanwhile, Table 2 provides user-profile
metrics such as the mean, median, and standard deviation of user
interactions. Taken together, these two tables reveal the notable
difference between Movies&TV—where users typically have larger,
more varied histories—and Video Games—where user profiles tend
to be smaller and more stable.

4.2 Baselines

Because our work centers on user profiling for content-based rec-
ommendation, we primarily compare our proposed LLM-driven
strategy against user-profiling methods commonly employed in

https://github.com/milsab/TETUP
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such systems. These baselines differ in how they model user histo-
ries, incorporate (or exclude) temporal factors, and utilize textual
or collaborative information. By including diverse approaches, we
thoroughly test the incremental benefit of (1) large language models
and (2) explicit short-term vs. long-term preference profiling.

4.2.1 Centric Approach (Centric). As a main baseline, we use a
centric approach wherein user profiles are created by averaging
all item embeddings the user has interacted with (no temporal
segmentation). Other components, such as item embeddings and
the final MLP architecture, remain identical to our proposed method
to ensure a fair comparison. This reflects the common practice [6]
of deriving user vectors by straightforward aggregation, offering
a clear benchmark against which we can measure the gains from
explicitly modeling recent vs. persistent behavior.

4.2.2  Temporal Fusion without LLM-Based Representations (Temp-
Fusion). This baseline represents a time-aware content-based ap-
proach that forgoes LLM-generated textual summaries. It splits a
user’s interaction history into short-term and long-term segments
(with dataset-specific cutoffs), encodes each segment via BERT em-
beddings, and applies an attention mechanism to fuse them—similar
to our framework’s temporal fusion. However, rather than gener-
ating natural language profiles to be encoded by BERT, it simply
aggregates the raw item embeddings from the user’s recorded inter-
actions. By contrasting this design against our LLM-based strategy,
we isolate how much semantically rich text-based representation
impacts performance and explainability.

4.2.3  Popularity-Based Recommendation (Popularity). This non-
personalized baseline ranks items solely based on their overall
popularity, measured by the frequency of interactions aggregated
across all users. As a control condition, this baseline represents a
minimal standard of recommendation performance that does not
involve personalization or user-item modeling. Its inclusion allows
us to contextualize the effectiveness of our proposed method by con-
trasting against a naive strategy that ignores both user preference
and content signals. Any substantial improvement over this base-
line indicates the necessity of modeling beyond mere popularity
trends.

4.2.4  Matrix Factorization (MF). Matrix Factorization is a widely
used collaborative filtering method that learns latent representa-
tions for users and items based only on observed interaction pat-
terns. As a control condition, MF offers a direct point of comparison
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Table 1: Datasets Statistics

Dataset No. Unique Users No. Unique Items No. Interactions
Movies&TV 10,000 14,420 202,583
Games 10,371 3,790 83,842

Table 2: User Profiles Statistics

Dataset Mean Median Mode Std Dev
Movies&TV 11.79 9.00 6 9.80
Games 4.55 3.00 3 3.97

for evaluating our content-based approach. It captures user pref-
erences through interaction data but lacks any understanding of
item content or metadata. By including MF, we isolate the impact
of incorporating content features into the recommendation pro-
cess. This baseline helps clarify whether observed improvements
are due to the content-aware nature of our model, rather than the
presence of collaborative patterns alone—particularly in settings
where user-item interactions are sparse or noisy.

Collectively, these baselines illuminate the contributions of our
approach’s core components: temporal modeling, LLM-based se-
mantic representation, and attention-based fusion. By systematically
comparing results, we show that our LLM-driven model, which
yields both accurate predictions and transparent textual rationales,
consistently outperforms less sophisticated user-profiling methods.

4.3 Evaluation Methodology

Because we aim to improve content-based user profiling, we focus on
how effectively each method learns and applies user embeddings for
ranking items. Thus, the centric approach—which simply averages
item embeddings over a user’s history—serves as a fundamental
baseline. Unlike sequential recommenders [9, 19, 20] that evaluate
next-item prediction via metrics like Hit Rate or MRR, we adopt
a ranking-oriented protocol. Specifically, we compute Recall@K
and NDCG@K by asking each model to rank relevant (held-out)
items amidst a larger candidate set. This directly tests how well the
user profiles capture user intent, which is central to content-based
personalization rather than pure sequence prediction.

To incorporate temporal awareness in the training process, we
sort each user’s interactions chronologically and split them into:
1) Training set: Earliest 60% of interactions, 2) Validation set: The
subsequent 20% of interactions, and 3) Test set: Most recent 20%
of interactions. This time-wise splitting strategy ensures that user
preferences evolve naturally from training to test, allowing us to
evaluate the models’ ability to predict future interactions based on
historical behavior.

4.4 Experimental Setup

All experiments were implemented in PyTorch [13] and trained
using the Adam optimizer. Early stopping (patience=5) halted train-
ing if no validation improvement was seen for 5 epochs, preventing
overfitting. Each model trained up to 100 epochs, with a batch size
tuned among {512, 1024, 2048}; we present results at 2048 for best
overall performance.
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To encode the textual user summaries we generate for short-
term and long-term profiles, we used the all-MiniLM-L6-v2 variant
of SBERT [16], which yields 384-dimensional embeddings. Our
method extracts short-term and long-term natural language repre-
sentations of each user’s interaction history via the GPT-40-mini
model [1], known for high-quality text generation. The short-term,
long-term, and item embeddings all have dimension 384.

A multi-layer perceptron (hidden dimension=128, dropout=0.2)
was used to predict user-item interaction probabilities. We included
5 negative samples per positive interaction. The learning rate was
fixed at 1le-3, which provided stable and reliable convergence.

The experiments were executed on an environment using four
NVIDIA A100 GPUs, each with 80GB of memory, enabling efficient
parallelization and acceleration of the training process. This setup,
along with robust optimization techniques and careful hyperpa-
rameter tuning, ensured reliable and reproducible results across all
experiments.

4.5 Experimental Results & Discussion

We now evaluate the effectiveness of our LLM-based approach on
two datasets: Movies&TV and Video Games. Table 3 details our
method’s ranking performance for Movies&TV and Video Games,
while Table 2 provides a closer look at user profiles characteristics.
Two observations emerge:

1) Effectiveness in Larger, Frequent-Shifting Profiles:
In the Movies& TV domain, each user’s profile tends to be bigger
(mean of 11.79 interactions, with a high standard deviation of 9.80),
implying diverse and more rapidly changing preferences. Table
3 shows our approach significantly improves Recall@10 (by 17%)
and NDCG@10 (by 14%) over Centric, with similarly strong gains
for Recall@20 and NDCG@20 (12% and 9% increases, respectively).
These results suggest that when users accumulate larger histo-
ries and exhibit more varied consumption patterns, short-term vs.
long-term fusion—enriched by LLM-based text—delivers notable
accuracy gains. Among the baselines, Temp-Fusion comes closest
but lacks the semantic depth of our natural language profiles, rein-
forcing the advantage of explicit textual summaries in capturing
nuanced, evolving tastes.

2) Mixed Results in Smaller, Steadier Profiles:
By contrast, Video Games users’ profiles are typically shorter (mean
of 4.55 interactions, median of 3.0) with a lower standard devia-
tion (3.97), indicating more stable and less frequent content shifts.
Under such conditions, our approach still achieves the highest Re-
call@20, affirming that even minimal LLM-derived text can help
with broader item ranking. However, Temp-Fusion narrowly edges
out our method on Recall@10, NDCG@10, and NDCG@20. We
attribute this partly to:

Sparse Histories: With only a few recorded interactions per user,
splitting into short-term vs. long-term segments can dilute the
available signals.
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Table 3: Performance Comparison of our proposed method and baselines on Movies&TV and Video Games datasets for K = 10
and K = 20. (asterisk indicates that the improvement of the proposed method over the baseline method (Centric) is statistically

significant (p < 0.05))

Method Movies&TV Video Games
Recall@10 NDCG@10 Recall@20 NDCG@20 Recall@10 NDCG@10 Recall@20 NDCG@20
(a) Centric 0.0113 0.0191 0.0199 0.0269 0.0645 0.0532 0.0932 0.0649
(b) Popularity 0.0082 0.0145 0.0133 0.0191 0.0397 0.0324 0.0706 0.0453
(c) MF 0.0048 0.0085 0.0087 0.0124 0.0457 0.0370 0.0754 0.0491
(d) Temp-Fusion 0.0118 0.0201 0.0207 0.0276 0.0693 0.0589 0.0982 0.0712
(e) LLM-Based (Proposed) 0.0132* 0.0217* 0.0223* 0.0293* 0.0665* 0.0547* 0.1021* 0.0683*
Gain of Proposed vs. (a) 17% 14% 12% 9% 3% 3% 10% 5%
Relatively Fixed Interests: Many gamers stay loyal to specific 64.0%

franchises or genres, reducing the benefit of dynamic preference
modeling.

Overall, these findings highlight how dataset properties, particu-
larly user-profile size and preference variability, impact the efficacy
of our short-term-long-term LLM-driven approach. For domains
like Movies&TV, where user preferences shift more frequently and
historical data is abundant, our method excels. In domains with
smaller, steadier profiles, its edge is narrower, yet it still maintains
the best performance in some metrics (Recall@20) and preserves
an explainability advantage through textual profiles.

With regard to explainability, Figure 2 demonstrates how our
framework’s short-term and long-term textual profiles contribute
to explainable user modeling, while also suggesting a future exten-
sion for full user-facing recommendations. Concretely, we achieve
explainability by construction in two ways:

1) Textual Short-Term and Long-Term Summaries: Rather than
producing only abstract embeddings, our model outputs natural
language describing the user’s recent (Figure 2-A) versus historical
(Figure 2-B) preferences. For instance, the short-term text might
emphasize “heartwarming classics” or “romantic films with nostal-
gic tones,” while the long-term text highlights “emotionally intense
dramas” or “morally complex, character-driven stories.” Because
these summaries are easily comprehensible, users (or developers)
can see exactly why certain items fit their current or enduring
interests.

2) Attention-Driven Transparency: Each recommendation is gov-

erned by attention weights a3 and alllong. In a future scenario

(sketched in Figure 2-C), if short-term interests carry 70% of the
weight, the recommendation might highlight the user’s most recent
preferences. Conversely, a higher long-term weight could favor
timeless favorites. This numeric breakdown is straightforward to
communicate (e.g., “70% recent tastes, 30% long-standing prefer-
ences”), which would further reinforce user trust by clarifying why
one item outperforms another.

While our current experiments focus on the textual profiles
depicted in parts (A) and (B), these same signals lay the foundation
for part (C): a user-facing explanation that explicitly merges short-
term and long-term rationales. By unifying textual summaries with
attention proportions, the final recommendation could be explained
in a way that goes beyond typical opaque embeddings. Although
a formal user study remains an opportunity for future work, our
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Figure 3: Relative improvement of our complete approach
over four ablation variants on the Movies&TV dataset. Bars

NDCG@20

show percentage gains in Recall@K and NDCG@K.

framework already offers transparent user profiling, which many
baselines lack.

5 Ablation Study

We conducted an ablation study to isolate key architectural and
design choices, allowing us to assess the contribution of individ-
ual components in our proposed method. The experiments include
variations that use only short-term or long-term preferences, gen-
eral preferences without temporal distinction, and an alternative
scoring mechanism (dot product) in place of the MLP. Since the
results for the Games dataset exhibited a similar pattern, we focus
on the Movies dataset for clarity. Tables 4 and 5 show the numerical
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Table 4: Recall@K Comparison for Ablation Variants
(Movies&TV Dataset)

Experiment Recall@10 Recall@20
Short-Term Only (ST) 0.0109 0.0193
Long-Term Only (LT) 0.0110 0.0195
General Preferences (No TS) 0.0100 0.0178
Dot-Product Scoring (DP) 0.0084 0.0136
LLM-Based (Proposed) 0.0132 0.0223

Table 5: NDCG@K Comparison for Ablation Variants
(Movies&TV Dataset)

Experiment NDCG@10 NDCG@20
Short-Term Only (ST) 0.0194 0.0266
Long-Term Only (LT) 0.0195 0.0265
General Preferences (No TS) 0.0183 0.0247
Dot-Product Scoring (DP) 0.0128 0.0173
LLM-Based (Proposed) 0.0217 0.0293

outcomes (Recall@K, NDCG@K), while Figure 3 presents a bar
chart illustrating how these variants compare. To structure our
discussion effectively, we analyze each variant below.

5.1 Short-Term Preferences Only (ST)

This variant exclusively focuses on short-term user interests, rely-
ing on NLP°™ a5 the profile representation. We encode these textual
summaries via BERT, then combine the resulting user embeddings
with item embeddings in an MLP for final score computation. The
goal is to isolate how well rapidly changing behaviors alone can
drive recommendations, ignoring broader historical context. As
shown in Tables 4 and 5, the ST variant underperforms compared
to Long-Term Only (LT). This suggests that while short-term sig-
nals are helpful, they alone cannot produce a robust user profile.
The gap is most pronounced at larger K values. In the bar chart
(Figure 3), ST’s relative improvement remains smaller than that of
the full model, reinforcing the need to account for enduring user
tendencies along with recent shifts.

5.2 Long-Term Preferences Only (LT)

Here, we rely on NLLOHg exclusively—reflecting general, persistent
user preferences—again encoded via BERT and combined with item
embeddings in an MLP. This setup measures how effectively sta-
ble user interests can drive recommendations in the absence of
short-term signals. From Tables 4 and 5, LT yields respectable per-
formance, highlighting that many users show relatively consistent
tastes. However, LT still lags behind our full method, as visible in
Figure 3, indicating the advantage of incorporating both recent and
historical behaviors rather than relying on long-term context alone.

5.3 General Preferences without Temporal
Distinction (NoTS)

Unlike ST and LT, the “NoTS” setting collapses all user interactions
into a single textual summary, dropping any notion of when an
item was consumed. By discarding short-term vs. long-term seg-
mentation, we test whether explicit temporal partitioning is vital
for robust user modeling.
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Tables 4 and 5 show that NoTS outperforms the dot-product
variant but remains behind ST and LT, signifying that ignoring
time-based differentiation dilutes important signals. In Figure 3,
NoTS consistently trails the short-term and long-term variants
across the evaluated metrics. This confirms that temporal segmen-
tation improves personalization, as recent behaviors and historical
interests each contain unique information about user preferences.

5.4 Substitute MLP with Dot Product (DP)

This variant preserves short-term and long-term user embeddings
but replaces the MLP scoring function with a simple dot product.
We thus examine whether a non-linear component is necessary to
fully exploit the embeddings’ expressive capacity. The dot-product
variant (DP) underperforms all others in Tables 4 and 5. Figure 3
further illustrates its shortcomings. Linear scoring captures fewer
complex correlations, confirming that a non-linear MLP signifi-
cantly reinforce ranking accuracy.

5.5 Proposed LLM-Based Method

Our complete approach combines short-term and long-term textual
profiles, each encoded by BERT, then fused by attention before
being fed into an MLP. This design accounts for both immediate
user context (short-term) and stable interests (long-term), while
the MLP models non-linear user—item interactions. Across all ab-
lation variants, our proposed method dominates in Tables 4 and 5.
Figure 3 shows especially large gains when integrating all compo-
nents—temporal separation, LLM-generated text, attention-based
fusion, and an MLP. Collectively, these results confirm that each
element is crucial. Short-term and long-term segmentation balances
recent context with persistent tastes, LLM-based text enriches user
representations, attention weights adapt to each user’s dynamic in-
terest, and non-linear scoring provides deeper interaction modeling.
Hence, the ablation study demonstrates that integrating all these
aspects is essential for maximizing both accuracy and interpretabil-
ity, validating our design choice to treat short-term vs. long-term
signals as separately encoded textual profiles, fuse them adaptively,
and employ a learnable MLP for final predictions.

6 Conclusion

We presented a content-based recommendation framework that
integrates temporal user modeling and LLM-driven textual profil-
ing into an inherently explainable pipeline. Rather than averaging
user interactions, our approach explicitly separates short-term and
long-term preferences, encodes them via BERT, and fuses the result-
ing embeddings with an attention mechanism. Experiments across
Movies& TV (larger, frequently shifting profiles) and Video Games
(smaller, more stable profiles) confirm that time-aware, text-based
user representations yield up to 17% higher Recall@10 and 14%
higher NDCG@10 compared to a standard centric baseline.

Our method already offers built-in explainability by exposing
short-term and long-term textual profiles and attention weights,
clarifying whether recommendations stem from recent spikes or
deeper, enduring interests. For future work, we plan to extend
this design to generate fully user-facing explanations—explicitly
weaving together both textual profiles and their attention ratios to
explain why a particular item is recommended.
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