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Abstract

Travel recommendation involves complex,
context-dependent decision-making that goes
beyond static user preferences. While recent
large language model (LLM)—based conversa-
tional recommender systems enable natural lan-
guage interaction and explanation generation,
most existing approaches treat user preferences
as fixed and utilize user queries only for surface-
level explanation, without adapting the under-
lying recommendation logic. This results in
a mismatch between conversational intent and
actual recommendation criteria.

In this paper, we propose TASTE (Query-
Aware Travel Recommendation via Aspect-
based Sentiment Profiling), a novel recom-
mendation framework that dynamically adapts
aspect-level preference weights according to
natural language user queries while preserv-
ing long-term user preference profiles. TASTE
constructs structured user preference represen-
tations using Aspect-Based Sentiment Analysis
(ABSA) applied to review texts and combines
learned aspect attention with query-derived as-
pect importance through a controllable weight-
ing mechanism. Large language models are
employed exclusively for query interpretation
and explanation generation, ensuring that rec-
ommendation decisions remain deterministic,
interpretable, and faithful to model-internal rea-
soning.

We conduct extensive experiments on three real-
world datasets spanning restaurant, travel, and
hotel domains (Yelp Restaurant, Yelp Travel-
related, and TripAdvisor Hotel). Quantitative
results demonstrate that TASTE achieves com-
petitive rating prediction performance com-
pared to strong rating- and review-based base-
lines, without sacrificing accuracy for inter-
pretability. Qualitative and quantitative analy-
ses further show that TASTE effectively cap-
tures query-aware preference shifts, produc-
ing meaningful changes in recommendation
rankings for the same user under different
queries. Finally, explanation quality evalua-

tion using an LLM-as-a-Judge protocol con-
firms that TASTE generates coherent, rele-
vant, and aspect-aligned explanations across
domains and languages.

Overall, TASTE provides a unified framework
for accurate, query-aware, and explainable
travel recommendation, addressing key limi-
tations of existing conversational recommender
systems.

1 Introduction

Travel recommendation systems have been widely
adopted across online platforms and the travel in-
dustry, and recent advances in large language mod-
els (LLMs) have accelerated the emergence of con-
versational, chatbot-based travel recommendation
services. In practice, many platforms now employ
natural language interfaces that accept free-form
user queries and provide personalized recommen-
dations, as exemplified by systems such as OpenAl
(OpenAl, 2025), Expedia (Expedia, 2025), HAI-
JEKO (Jeju Air, 2025), and the Malaysia Airlines
chatbot. These trends indicate a shift from con-
ventional item recommendation toward interactive,
dialogue-oriented recommendation systems.

This transition has been driven by three key
technological advances. First, progress in natural
language processing enables direct understanding
of unstructured textual data such as reviews and
conversational utterances, allowing recommenda-
tion models to move beyond rating prediction to-
ward reasoning-based and explainable recommen-
dations. Second, user modeling has evolved to
extract personalized preferences from review text
rather than relying solely on structured interaction
data. Third, these advances have facilitated the
rapid adoption of LLM-based conversational rec-
ommendation systems across domains including
travel, e-commerce, and entertainment. Conse-
quently, natural language—based preference model-
ing and explainable recommendation have emerged



as central research challenges in modern recom-
mender systems.

Among recommendation domains, travel rec-
ommendation is characterized by particularly
complex and context-dependent user preferences.
Travel decision-making involves a sequence of
interrelated choices—such as destination selec-
tion, accommodation, dining, and activity plan-
ning—rather than a single consumption decision
(Sarkar et al., 2023). Throughout this process, users
simultaneously consider functional utility and expe-
riential factors, including travel purpose, compan-
ions, budget constraints, and preferred atmosphere.

Prior studies have shown that even the same user
may apply substantially different preference cri-
teria depending on situational context, reflecting
differences between solo and group travel, leisure-
oriented versus sightseeing-focused trips, and other
contextual conditions (Renjith et al., 2020). As
a result, travel recommendation has long been re-
garded as a domain in which personal context and
subjective judgment play a more prominent role
than in conventional content recommendation tasks
such as music or movie recommendation (Lin and
Liu, 2024). Moreover, fine-grained preferences
over factors such as price, location, service quality,
and atmosphere have been reported to exert a direct
and significant impact on overall travel satisfaction
(Payandenick and Othman, 2026). These findings
highlight the limitations of static user profiles and
fixed preference weights in modeling real-world
travel decision-making.

Meanwhile, prior research on review-based and
conversational recommendation has primarily fo-
cused on modeling long-term user preferences or
generating explanations for recommended items.
For example, studies have proposed constructing
interpretable user profiles from review text to sup-
port explainable recommendations, while TEARS
introduced a controllable recommendation frame-
work that allows users to influence recommenda-
tion outcomes (Ramos et al., 2024). In addition,
recent studies on ChatGPT-based travel recommen-
dation systems have reported that LLM-generated
explanations positively affect perceived relevance,
credibility, and usefulness.

However, most existing approaches still assume
that user preferences are static. Even when natural
language queries are supported in conversational
recommendation settings, queries are often used
only for explanation generation rather than for ac-
tively adjusting recommendation criteria. Conse-

quently, when a single user issues queries reflecting
different travel purposes or contextual needs, the
underlying preference weights remain unchanged,
leading to a mismatch between conversational input
and recommendation logic.

To address these limitations, we propose TASTE
(Query-Aware Travel Recommendation via
Aspect-based Sentiment Profiling), a novel frame-
work for conversational travel recommendation.
TASTE constructs user preference profiles using
Aspect-Based Sentiment Analysis (ABSA) over re-
view texts and dynamically adjusts aspect-level im-
portance weights according to the user’s natural lan-
guage query. By preserving long-term preferences
while reweighting aspects based on query intent,
TASTE enables context-adaptive recommendation
behavior. Furthermore, aspect-level contribution
scores are explicitly exposed, and large language
models are used solely to generate natural language
explanations grounded in these quantitative signals,
thereby enhancing transparency and trustworthi-
ness.

Based on this motivation, this study addresses
the following research questions:

2 Related Works
2.1 LLM-based Recommendation

The rapid advancement of large language models
(LLMs) has introduced a new paradigm in recom-
mender systems research (Liu et al., 2024; Wu et al.,
2024; Wang et al., 2024a). Early studies primar-
ily explored the use of LLMs as text encoders or
auxiliary knowledge sources to enhance existing
neural recommendation models (Zhao et al., 2023).
More recent work has moved toward deeper inte-
gration of LLMs into the recommendation pipeline,
leveraging their capabilities in reasoning, summa-
rization, and content generation.

Prior research broadly categorizes LLM-based
recommendation approaches into LLM-enhanced
recommender systems, generative recommenda-
tion, and hybrid frameworks. LLM-enhanced rec-
ommender systems include knowledge enhance-
ment, interaction enhancement, and model en-
hancement strategies. Knowledge enhancement
approaches enrich user and item representations
through user history summarization, item attribute
generation, and knowledge graph expansion (De-
vlin et al., 2019; Wang et al., 2024b; Tian et al.,
2024; Cao et al., 2024; Ren et al., 2024; Sun et al.,
2025). Interaction enhancement methods mitigate



data sparsity by generating pseudo interaction logs
via prompt-based reasoning (Yue et al., 2023; Yang
et al., 2025b). Model enhancement approaches
distill semantic or reasoning signals derived from
LLMs into lightweight recommendation models
for efficient inference (Gheewala et al., 2024).

Generative recommendation adopts an alterna-
tive paradigm in which user histories and items are
represented as natural language token sequences
and recommendations are generated autoregres-
sively. To support this paradigm, techniques such
as ID tokenization, clustering-based indexing, and
VAE-based encoding have been proposed. In ad-
dition, several studies employ LLMs in re-ranking
stages or adopt retrieval-augmented generation
(RAG)-based recommendation frameworks (Liu
et al., 2025a; Zhou et al., 2025). Despite their
strong reasoning capability, these approaches gen-
erally overlook the problem of dynamically adjust-
ing internal preference structures according to user
query context.

2.2 Review-based and Aspect-based
Recommendation

User reviews provide a rich source of information
for modeling user preferences, experiences, and
emotions, and have been extensively studied in rec-
ommender systems. Early approaches enhanced
user and item representations using review embed-
dings, while later studies significantly improved
text understanding by incorporating pre-trained lan-
guage models such as BERT (Liu et al., 2019).
Models such as DAML jointly learn from ratings
and review text, achieving complementary effects
between numerical and textual signals (Liu et al.,
2025b).

Graph-based approaches have further ex-
plored structural relationships within review data.
APAHN models aspects as hyperedges to capture
interactions among multiple aspects (Zhang et al.,
2023), while the Multi-Aspect Enhanced GNN
constructs a user—item-review tripartite graph to
learn multi-relational representations (Hasan et al.,
2025). The Multi-Factor Collaborative Prediction
Model similarly improves recommendation perfor-
mance by extracting multiple latent semantic fac-
tors from review text (Zhang et al., 2022). A com-
prehensive survey on review-based recommenda-
tion identifies text processing, sentiment analysis,
aspect extraction, and multi-preference modeling
as core components (Shen et al., 2025). However,
many existing methods struggle to disentangle mul-

tiple coexisting aspects within a single review and
to explicitly model both positive and negative pref-
erences, motivating the adoption of ABSA-based
approaches.

2.3 Aspect-based Sentiment Analysis

Aspect-Based Sentiment Analysis (ABSA) aims to
identify aspects mentioned in text and determine
the sentiment polarity associated with each aspect.
ABSA has been widely adopted for fine-grained
user preference modeling in recommendation sys-
tems. While early ABSA models relied on LSTM-
and CNN-based architectures, recent approaches
have achieved substantial performance gains using
pre-trained language models.

Recent studies focus on more precise model-
ing of relationships between contextual semantics
and aspects. DMAN dynamically computes to-
ken importance to reduce contextual noise (Xu
et al., 2025), while DR-BERT enhances aspect-
specific representations through context-aware to-
ken reweighting (Zhao et al., 2025). In addition, Ze-
roABSA and DS2-ABSA enable effective ABSA
in low-resource and cross-domain settings through
LLM-based data synthesis and domain generaliza-
tion (Cheng et al., 2023; Yang et al., 2025a). These
advances provide a robust foundation for extracting
reliable aspect-level positive and negative prefer-
ence signals from review text.

2.4 Explainable Recommendation and Rating
Prediction Models

Explainability has become increasingly important
for improving user trust and system transparency
in recommender systems. Early studies proposed
expressing aspect importance based on model-
internal structures or learning interpretable user
profiles from review text (Lei et al., 2024; Shimizu
et al., 2025; Peng et al., 2024). With the emer-
gence of LLMs, natural language—based explana-
tion generation has been actively explored. Mod-
els such as MAPLE, RecExplainer, and Disentan-
gling Likes and Dislikes align user preferences and
model signals with natural language explanations
(Bang and Song, 2025; Penaloza et al., 2024; Koren
et al., 2009). More recent work further investigates
uncertainty-aware explanations and LLM-friendly
user profile representations (Mnih and Salakhutdi-
nov, 2007; Ramos et al., 2024; Huang et al., 2013).

In parallel, traditional rating prediction models
include MF, PMF, SVD++, and NMF (He et al.,
2017; Li et al., 2021; Zheng et al., 2017), while



neural models such as NeuMF, DAML, and BERT-
MEF integrate textual and semantic information
to improve performance (Tay et al., 2018; Chen
et al., 2018; Cheng et al., 2018). However, existing
approaches remain limited in jointly leveraging
aspect-level positive and negative preferences for
both recommendation and explanation.

By integrating these research streams, this work
distinguishes itself by constructing ABSA-based
multi-aspect preference vectors from review text
and dynamically adjusting aspect importance ac-
cording to natural language query context. We
empirically validate the effectiveness of the pro-
posed TASTE framework on large-scale real-world
datasets from the travel and dining domains.

3 Datasets

3.1 Data Sources and Domain Coverage

To analyze the complex and context-dependent
decision-making process in travel recommendation,
we employ three review-based datasets covering
complementary travel-related domains. Travel ex-
periences involve multiple interrelated decisions,
including dining, sightseeing and activities, and ac-
commodation, each governed by distinct evaluation
criteria and preference structures. Accordingly, we
select datasets that represent these major compo-
nents of travel decision-making.

Specifically, we use the Yelp Restaurant dataset
to model dining experiences, a Yelp Travel-related
dataset to capture tourist attractions and activity-
related evaluations, and the TripAdvisor Hotel
(Hong Kong) dataset to analyze accommodation
preferences. All datasets contain numerical ratings
accompanied by relatively long and descriptive re-
view texts, making them well-suited for aspect-
level sentiment analysis and personalized prefer-
ence modeling.

3.2 Data Description and Preprocessing
3.2.1 Dataset Characteristics

The Yelp Restaurant dataset consists of user_id,
business_id, star ratings, and review text, and pro-
vides rich evaluations of core dining aspects such
as food quality, service, ambiance, price, and loca-
tion. The Yelp Travel-related dataset is constructed
by filtering travel-, attraction-, and activity-related
categories from the full Yelp corpus. It captures ex-
periential and context-dependent factors, including
sightseeing experiences, surrounding environments,
and activity satisfaction. The TripAdvisor Hotel

dataset contains user_id, hotel_id, star ratings, and
review text, and includes fine-grained evaluations
of accommodation attributes such as room quality,
cleanliness, facilities, location, and staff service.
Although the datasets differ in review length dis-
tributions, sparsity levels, and rating distributions,
all provide sufficiently rich textual information re-
quired for ABSA-based multi-dimensional prefer-
ence profiling.

3.2.2 Filtering and Cleaning

To ensure data quality and reliable preference esti-
mation, we apply consistent preprocessing criteria
across all datasets. We retain users with at least 10
reviews and items with at least 5 reviews, remove
duplicate entries, and inspect rating distributions to
exclude extreme outliers.

3.3 Aspect Definition and Data Splitting

Rather than relying on fully unsupervised as-
pect extraction, we predefine domain-specific
aspect sets to enhance interpretability and enable
consistent cross-domain comparison. For the
restaurant domain, we define the aspect set
A = {food, service, ambience, price, location}.
For the travel and hotel domains, we define A =
{room_quality, service, facilities, location, value}.
These aspects correspond to core evaluation
factors that have been shown to strongly influence
user satisfaction. Details of the ABSA model
architecture and training procedure are described
in Section 4.

All datasets are split into training, validation,
and test sets using an 80/10/10 ratio with a fixed
random seed to ensure reproducibility. The split is
performed at the user—item interaction level, with
the constraint that each user and item appears at
least once in the training set to avoid cold-start
issues during evaluation.

3.4 Summary Statistics

Table 1 summarizes the statistics of the final
datasets. Due to computational constraints, we
randomly sample approximately 5,000 users from
the Yelp Restaurant and TripAdvisor Hotel datasets
for experimental evaluation.



Dataset #Users #ltems #Reviews
Yelp Restaurant 5,000 31,321 129,489
Yelp Travel 948 2,942 14,658

TripAdvisor Hotel 5,000 6,280 177,726

Table 1: Summary statistics of the datasets used in this
study.

4 Method

4.1 Aspect-Based Sentiment Profiling

We propose TASTE (Query-Aware Travel Rec-
ommendation via Aspect-based Sentiment Profil-
ing), a recommendation framework that dynami-
cally adapts aspect importance based on natural
language queries while preserving long-term per-
sonalized preferences.

4.2 Problem Formulation

Let U = {ui,...,up} denote a set of users and
Z = {i1,...,in} denote a set of items (restaurants
or travel entities). Each user—item interaction (u, %)
is associated with a rating r,; and a review text
tyi- We define a set of aspects A = {ay,...,ax}
representing key preference dimensions (e.g., food,
service, ambiance, price, location).

Given a user u, a natural language query ¢, and
the user’s historical reviews, our objectives are to:
(1) generate a ranked list of top-K item recommen-
dations, (2) provide natural language explanations
grounded in aspect-level contributions, and (3) dy-
namically adjust recommendation criteria accord-
ing to query context.

4.2.1 Aspect Sentiment Extraction

For each review text t,,;, we extract aspect-specific
sentiment scores using a pre-trained DeBERTa-v3
model fine-tuned for Aspect-Based Sentiment Anal-
ysis (ABSA). The ABSA model outputs a probabil-
ity distribution over sentiment polarities (negative,
neutral, positive) for each aspect. We compute the
sentiment score for aspect a as:

Sui = Pui (P0S) = Pui(neg), (1)
where p¢,(-) denotes the predicted probability for

aspect a. For each user—item pair, we obtain an
aspect sentiment vector s,,; € RE.

4.2.2 User Preference Normalization

To account for individual rating biases, we normal-
ize ratings using user-specific statistics:

Foi = Tui — Hu ’ 2)

Oy

| ABSAModel P

‘ Food 0.1
- Service: 0.8

Price :0.3

+ Food: Pos((0.32, 1.23)] :
« Service: Neg([0.72, 0.63)] -
« Price: Pos([0.2, 0.003)]

USER_A

Figure 1: Illustration of the ABSA extraction process.

where (i, and o, are the mean and standard devia-
tion of user u’s historical ratings. The normalized
rating 7,; is used as the training target.

4.3 TASTE Model Architecture

The TASTE model consists of four components: (1)
embedding layers, (2) aspect attention mechanism,
(3) query-aware dynamic weighting, and (4) rating
prediction.

4.3.1 Embedding Layer

We learn latent representations for users and items,
e.,e; € R%, and user-specific aspect bias vectors
b, € RX. Aspect biases capture each user’s inher-
ent preference tendencies across aspects.

4.3.2 Aspect Attention Mechanism

Aspect sentiment scores are first adjusted by user
biases:

We compute aspect attention weights using a multi-
layer perceptron (MLP) with softmax normaliza-
tion:

ay; = softmax(MLP([ey;€i;8u))), (4)

where [-; -] denotes vector concatenation. The at-
tention vector «,; reflects the relative importance
of aspects learned from historical interactions.

4.3.3 Query-Aware Dynamic Weighting

To incorporate situational context, we extract query-
specific aspect weights 3, from the user query ¢
using an LLM, subject to >_, 5y = 1. We com-
bine learned attention and query weights via linear
interpolation:

Yui = AOfui + (1 - )\)/qu (5)

where A\ € [0, 1] controls the balance between long-
term preferences and query intent. We set A = 0.5
in all experiments.
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Figure 2: Overview of the TASTE model architecture.

4.3.4 Rating Prediction

We compute the query-aware weighted aspect
score:

The final rating prediction is given by:
fui - f(zui7 €y, ei) + bl + b7 (7)

where f(-) is an MLP with ReLU activations and
dropout, b; is an item bias, and b is a global bias.
Predictions are denormalized to obtain ratings on
the original scale.

4.4 Training Objective

We train the model using Smooth L1 loss on nor-
malized ratings:

t= ¥

(uvi) EDtrain

SmoothL1(Fyi, 4i) +103, (8)

where © denotes all trainable parameters and 7 is
the L2 regularization coefficient.

4.5 Explainable Recommendation with LLM

For each recommended item, we generate natural
language explanations grounded in the query-aware
aspect weights y,;. The LLM takes as input the
user query, predicted rating, and aspect weights,
and produces a concise explanation focusing on
the most influential aspects. Crucially, the LLM
does not make recommendation decisions; it only
translates quantitative model outputs into human-
readable explanations, ensuring faithfulness and
controllability.

4.6 Query-Aware Recommendation Pipeline

Given a user u and query ¢, we extract query-
specific aspect weights, compute learned attention

for candidate items, and fuse both signals to obtain
query-aware weights. Items are ranked by pre-
dicted ratings, and explanations are generated for
the top- K recommendations. Explanation quality
is evaluated using an LLM-as-a-Judge protocol.

S Experiments and Evaluation

We evaluate the proposed TASTE framework
through a combination of quantitative and qual-
itative experiments. The evaluation focuses on
three aspects: (i) rating prediction accuracy, (ii)
query-aware adaptability, and (iii) explanation qual-
ity. Specifically, we address the following research
questions.

RQ1 (Performance): Does TASTE achieve com-
petitive rating prediction performance compared to
existing baselines?

RQ2 (Query-awareness): Does TASTE dynam-
ically adjust aspect importance and recommenda-
tion outcomes in response to different user queries?
RQ3 (Explanation Quality): Do aspect-grounded,
LLM-based explanations improve explanation qual-
ity and faithfulness?

All experiments are conducted on three real-
world datasets: Yelp Restaurant, Yelp Travel-
related, and TripAdvisor Hotel. Dataset details
and preprocessing procedures are described in Sec-
tion 3.

5.1 Experimental Setup
5.1.1 Baselines

We compare TASTE with representative models
from three categories.

Traditional Collaborative Filtering: MF (Zheng
etal., 2017), NeuMF (Tay et al., 2018).
Review-based Models: DeepCoNN  (?),
MPCN (?), DAML (?), and NARRE (?).



Parameter Value Description
Embedding Dimension 128 Latent vector size
Number of Aspects 5 Domain-specific aspects
Batch Size 256 Mini-batch size
Learning Rate le-3 AdamW optimizer
Weight Decay le-3 L2 regularization

Max Epochs 30 Training iterations
Early Stopping 5 Validation patience
Query Weight A 0.5 Attention-query balance
LLM Model GPT-4  Query parsing and explanation

Table 2: Hyperparameters for TASTE.

Aspect-aware Models: ANCF (?), which incorpo-
rates aspect attention but does not support query-
aware adaptation.

All models are trained on identical data splits
with the same rating normalization strategy.

5.1.2 Training Configuration

Table 2 summarizes the hyperparameters used for
TASTE.

5.2 Rating Prediction Performance (RQ1)
5.2.1 Evaluation Metrics

We evaluate rating prediction using Mean Abso-
lute Error (MAE) and Root Mean Squared Error
(RMSE):

1 .
MAE = W Z ‘Tui - Tui’a )
test (uvi)GDtest
1 A2
RMSE = |55 > (rui—Tu)?
test (uai)EDtest

(10)
All metrics are computed on denormalized ratings
(1-5 scale).

5.2.2 Results

Table 3 reports rating prediction performance
across Yelp Restaurant, Yelp Travel-related, and
TripAdvisor Hotel datasets. TASTE achieves the
best or highly competitive MAE and RMSE on
all three datasets, demonstrating that query-aware
aspect modeling improves robustness without sacri-
ficing predictive accuracy TASTE achieves consis-
tently competitive performance across all datasets.
While it does not always achieve the absolute best
score, it outperforms most review-based models
and maintains stable performance across domains.
This suggests that explicit aspect modeling im-
proves robustness without sacrificing accuracy.

5.3 Query-aware Recommendation Effects
(RQ2)

We qualitatively evaluate query-aware behavior by

issuing different queries for the same user and ob-

Yelp Restaurant | Yelp Travel | TripAdvisor Hotel
Model MAE RMSE ‘ MAE RMSE ‘ MAE RMSE
MF 1.0925 0.8398 | 0.9522 0.7318 | 0.8260 0.6286
NeuMF 1.0819 0.8261 | 0.9465 0.7110| 0.8451 0.6373
DeepCoNN 0.9865 0.7486 | 0.8953 0.6803 | 0.5839  0.7843
MPCN 0.9936 0.7566 | 0.9013 0.6832 | 0.5856 0.7784
DAML 0.9865 0.7486 | 0.9040 0.6832 | 0.5866 0.7795
NARRE 0.7600 0.5789 | 0.7383 0.5590 | 0.5029 0.6703
ANCF 0.7644 0.5920 | 0.7714 0.5709 | 0.5161  0.6903
TASTE 0.7577 0.5752 | 0.7524 0.5709 | 0.5157 0.6940

Table 3: Rating prediction performance (MAE and
RMSE) across three datasets. Lower values indicate
better performance. Best results for each metric are
highlighted in bold.

User Query.
“I want a romantic restaurant with great ambiance and excellent service.”

Generated Explanation:

“This restaurant is an excellent choice for a romantic evening, offering a
warm and intimate ambiance that sets the perfect mood. It is also highly
praised for its attentive and friendly service, ensuring a memorable dining
experience.”

Figure 3: High-scoring example.

serving changes in aspect weights and top-K rank-
ings. Table 4 illustrates representative query sce-
narios and resulting aspect weight shifts on Yelp
Restaurant.

Aspect importance shifts align well with query
intent and lead to meaningful ranking changes. Ad-
ditional multilingual case studies are provided in
Appendix A.

5.4 Explanation Quality (RQ3)
54.1 LLM-as-a-Judge Evaluation

We adopt the LLLM-as-a-Judge protocol (?) to eval-
uate explanation quality. Explanations are scored
along five dimensions: relevance, coherence, infor-
mativeness, aspect alignment, and naturalness.

5.4.2 Results

Table 5 reports average scores across datasets. Re-
sults indicate consistently high explanation quality,
with strong coherence and relevance. Aspect align-
ment scores validate that explanations faithfully
reflect model-internal reasoning. Representative
examples are shown in Figure 3, with additional
cases in the appendix.



Aspect No Query Romantic Value Convenience
Food 0.20 0.15 0.35 0.18
Service 0.20 0.30 0.15 0.20
Ambiance 0.20 0.40 0.10 0.12
Price 0.20 0.05 0.35 0.32
Location 0.20 0.10 0.05 0.18

Table 4: Aspect weight changes under different queries.

Dataset Overall Rel. Coh. Align. Nat.
Yelp Restaurant 4.85 5.00 5.00 480 5.00
Yelp Travel 4.87 5.00 5.00 467 5.00
TripAdvisor 4.89 498 500 478 5.00

Table 5: LLM-as-a-Judge evaluation results.

6 Conclusion and Limitations

6.1 Conclusion

This paper proposed TASTE, a query-aware rec-
ommendation framework that integrates aspect-
based sentiment profiling with dynamic weight-
ing derived from natural language queries. Across
three real-world datasets, TASTE achieved compet-
itive rating prediction performance (MAE/RMSE)
compared to strong rating- and review-based base-
lines, while additionally providing aspect-level in-
terpretability and query-aware adaptation. Qualita-
tive analyses further showed that different queries
from the same user yield meaningful shifts in as-
pect importance and corresponding changes in top-
K recommendations, indicating that TASTE can
capture situational preference variations beyond
static user profiles. Moreover, TASTE generates
faithful and interpretable explanations grounded
in quantitative aspect contributions. By restricting
the role of LLMs to query interpretation and ex-
planation generation (rather than decision-making),
the framework maintains alignment between model
reasoning and natural language explanations, result-
ing in consistently high explanation quality.

6.2 Limitations and Future Work

Despite its effectiveness, this work has several lim-
itations. First, aspect granularity is constrained
by a fixed, predefined aspect set (e.g., five as-
pects per domain), which may miss finer-grained
or latent factors (e.g., quietness, hygiene, family-
friendliness). Future work could explore automatic
aspect discovery or hierarchical aspect representa-
tions.

Second, the fusion coefficient X is fixed (we use
A = 0.5), which may not be optimal across users
and query types. A natural extension is to learn

A dynamically from user characteristics, query se-
mantics, or uncertainty estimates.

Third, TASTE prioritizes interpretability and
query-aware controllability, and thus does not con-
sistently achieve the lowest prediction error across
all settings. Future work could investigate hybrid
architectures that preserve aspect interpretability
while improving predictive accuracy.

Fourth, explanation evaluation is limited by the
lack of strong, directly comparable baselines for
query-aware, aspect-grounded explanations. Fu-
ture studies could develop controlled explanation
baselines or compare against emerging LLM-based
explanation frameworks.

Finally, we rely on LLM-as-a-Judge for scalable
evaluation; however, human-centered studies are
necessary to assess perceived usefulness, trust, and
satisfaction. Future work should incorporate user
studies (e.g., surveys or A/B tests) to validate the
practical impact of query-aware explanations.

Overall, TASTE demonstrates that a lightweight,
weight-based aspect modeling approach can bal-
ance accuracy, contextual adaptability, and explana-
tion faithfulness, providing a foundation for human-
centered conversational recommendation.
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A Additional Qualitative Examples

A.1 Appendix A: LLM-as-a-Judge Evaluation
Example

Item ID: 7Cecref3HqLLpVLhMB10TQ

Evaluation Scores:
* Overall Score: 4.80/5.0
* Relevance: 5.0/5.0
* Coherence: 5.0/5.0
* Informativeness: 5.0/5.0
* Aspect Alignment: 4.0/5.0
* Naturalness: 5.0/5.0

User Query: “I want a romantic restaurant with
great ambiance and excellent service.”

Generated Explanation:

If you’re looking for a romantic spot,
this restaurant is an absolute gem. The
ambiance is enchanting, with dim light-
ing and cozy seating that sets the perfect
mood for a special evening. Paired with
exceptional service, where the staff goes
above and beyond to make guests feel
welcomed and cared for, this place of-
fers a truly memorable dining experience.
The thoughtfully curated menu further
enhances the overall experience, making
it an ideal choice for a special night out.

Aspect Weights:
* Food: Query =0.10, Attention=0.18
» Service: Query = 0.25, Attention =0.24
* Ambiance: Query = 0.50, Attention = (.33
* Price: Query = 0.05, Attention =0.15
* Location: Query =0.10, Attention =0.09

LLM-as-a-Judge Justification: The explanation
directly addresses the user’s intent by emphasizing
romantic ambiance and high-quality service, which
are the most important aspects highlighted in the
query. The content is well-structured, logically
coherent, and provides rich descriptive details that
support decision-making. While the explanation
could have mentioned food quality more explicitly,
it remains highly engaging and natural overall.
Reasons for High Score:
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* Strong relevance to the user query
* Natural and human-like language
* Clear and coherent structure

* Informative and decision-supportive content

A.2 Appendix B: Query-Aware

Recommendation Case Study

This appendix presents a detailed case study
demonstrating the query-aware recommendation
mechanism of TASTE using a non-English (Ko-
rean) user query. The example illustrates the com-
plete pipeline from query interpretation to final
recommendations and explanations.

A.2.1 B.1 Query Information

User Query (English Translation): “I am look-
ing for an affordable restaurant that is suitable for
dining with my family.”

User ID: _BcWyKQL16ndpBdggh2kNA

A.2.2 B.2 Query Parsing via LLM

The primary intent of this query is to find a family-
friendly restaurant with good value for money. Ac-
cordingly, the highest weight is assigned to the
value aspect. Since the query involves family din-
ing, food quality and service are also emphasized.
In addition, cleanliness and convenient location are
considered important factors for family visits.
Derived Aspect Weights:

e Value: 0.30

Food: 0.20

* Service: 0.20

* Cleanliness: 0.15
* Location: 0.15

A.2.3 B.3 Top-5 Recommendation Example

Top Recommendation (Rank #1): Item ID:

204GOsWEmcdwjgqnEwOw9A

Generated Explanation:

This restaurant is highly rated for value
for money, which directly aligns with
your preference for an affordable fam-
ily dining option. It also receives strong
ratings across key aspects such as food
quality, service, cleanliness, and location,
making it an excellent choice for a com-
fortable and budget-friendly family meal.



Reason for Ranking #1:

* Highest predicted rating among candidate
items (1.01)

* Strong value aspect score (0.895), matching
query emphasis

» High combined weight on the value aspect
(0.282)

» Consistently high scores across all aspects
(0.776-0.89)
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