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Abstract
This paper presents two approaches to jointly classify sentiment polarity, tourist place type, and the corresponding
Magical Town from Spanish-language reviews of Mexican tourist destinations. Our methods leverage a multi-task
neural network based on the TabularisAI multilingual sentiment model (768-dim BERT-base architecture) and a
pre-trained BERT model adapted for Spanish. Unlike previous approaches that relied on a unified label space or
separate models for each task, we adopt a multi-head architecture that simultaneously optimizes for all three
tasks using task-specific classification heads. The system incorporates class balancing through weighted loss
functions and advanced preprocessing with spaCy. Evaluation on the official Rest-Mex 2025 dataset demonstrates
competitive performance, achieving promising results across tasks, while maintaining efficiency and modularity.

1. Introduction

Sentiment classification in the tourism domain is a key task for understanding tourist feedback and
improving user experience. With the increasing volume of user-generated content in Spanish, automatic
methods are needed to process and analyze opinions about tourist destinations efficiently.

Unlike past editions [1, 2, 3], the Rest-Mex 2025 shared task focuses on analyzing reviews about
Mexican Magical Towns, requiring systems to determine (1) the sentiment polarity (from 1 to 5), (2) the
type of tourist location (hotel, restaurant, attraction), and (3) the specific Magical Town from a fixed
list [4, 5]. This multi-label classification setting offers unique challenges, particularly when training
deep learning models on imbalanced real-world data.

We propose a solution based on a multi-task deep neural network that processes a review once
but predicts all three labels in parallel using separate classification heads. The core of the model is a
pre-trained Spanish BERT (BETO), augmented with spaCy-based preprocessing and class-weighted loss
functions to address data imbalance.

2. Related Work

Research on sentiment analysis in the Spanish tourism domain has significantly advanced through the
adoption of pre-trained transformer-based models such as BERT [6, 7, 8]. Vásquez employed BETO
combined with TF-IDF weighting over TripAdvisor reviews and achieved first place in Rest-Mex 2021
using a monolingual architecture optimized for Spanish [9]. Jurado-Buch et al. proposed a unified
model based on BETO to jointly predict polarity, type, and location in one pass, placing within the top
eight systems at Rest-Mex 2023 [10]. Moreover, Álvarez-Carmona et al. provided a comprehensive
overview of Rest-Mex 2023, offering insight into dataset characteristics and evaluation protocols [11].
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Domain-adapted language models have also been explored. Campos and Viñaña-Ludeña trained a
BERT model specifically for tourism (Spanish-Tourism-BERT) on social media data to extract location-
based entities and sentiment components [12]. Bouabdallaoui et al. compared BERT fine-tuning
against hybrid models combining sentence embeddings and LSTM networks in Moroccan tourism data,
concluding that BERT fine-tuning yields superior accuracy [13]. In terms of multi-task learning, Zhang
et al. implemented a hard-sharing architecture combining a shared BERT encoder with task-specific
layers, showing statistical improvements in multi-output sentiment scenarios [14].

The reviewed literature reveals three clear trends: (1) fine-tuning monolingual BERT models such as
BETO is highly effective in Spanish tasks; (2) domain-specific models show promise for tourism-related
content; and (3) multi-task architectures provide performance benefits for correlated classification tasks.
However, most works address only one or two subtasks, and none explore simultaneous prediction of
polarity, place type, and town name, as required by Rest-Mex 2025.

2.1. Remarks

The reviewed studies expose several critical gaps that justify the contributions of the present work:

• Most prior works (e.g., [9], [12]) focus exclusively on a single task such as polarity or aspect
identification. Our proposed architecture performs simultaneous classification of sentiment
polarity, place type, and geographical location, addressing the complete Rest-Mex 2025 task.

• Jurado-Buch et al. addressed multi-label output via a unified label space (45-class combinations),
but their model lacks separate heads or task-specific loss components. Our solution employs
a shared encoder with specialized heads per task and customized loss weighting to enhance
adaptability and generalization.

• While Spanish-Tourism-BERT represents a step toward domain-specific pre-training, it was
tested only on social media and not on structured tourism reviews. Our models include both
multilingual (TabularisAI) and monolingual (BETO) BERT variants adapted through preprocessing,
task weighting, and stratified training.

• Although Zhang et al. introduced a valid multitask architecture, they did not apply it to tourism
datasets or large-scale multilingual corpora. Our study extends both dataset size and architectural
robustness via gradient accumulation, warm-up phases, and differential learning rates.

After revising the related work, the contributions of the presented work include:

1. Joint evaluation of polarity, place type, and location via multi-head classification.
2. Comparative analysis of monolingual and multilingual BERT-based architectures adapted to

tourism.
3. Implementation of advanced preprocessing and weighted loss strategies for handling extreme

class imbalance.

This work fills evident gaps in the literature and offers an integrated framework suitable for large-scale,
multidimensional sentiment analysis in Spanish-language tourist reviews.

3. Dataset

The dataset provided by the Rest-Mex 2025 organizers consists of 208,051 Spanish-language reviews [4].
Each review includes a title and a body, which we concatenate into a single text field. The dataset is
annotated with:

• Sentiment polarity on a 5-point scale (1 = very negative, 5 = very positive)
• Type of tourist place: Hotel, Restaurant, or Attractive
• Name of the Magical Town (from a set of 60 distinct towns)



• Region to which the town belongs

A detailed exploratory data analysis (EDA) was conducted to understand the distribution of the data.
Key findings include:

• Polarity distribution: The data is heavily skewed toward positive reviews, with over 65% labeled
as polarity 5 (see Figure 1). Only about 2.6% are rated as polarity 1.

• Type distribution: The most common category is Restaurant (86,720 instances), followed by
Attractive (69,921), and Hotel (51,410) (see Figure 2).

• Top towns: Tulum (45,345 reviews), Isla Mujeres (29,826), and San Cristóbal de las Casas (13,060)
are the towns with the most reviews (see Figure 3).

• Top regions: Quintana Roo leads with 85,993 reviews, followed by Chiapas (23,532), and Estado
de México (19,439).

• Text length: The average length of concatenated Title + Review texts is 65 words, with a
maximum of 1,487 and a minimum of 2 words (see Figure 4).

• Missing values: Only the Title field had missing values (2 instances), which were handled by
exclusion.

Figure 1: Polarity distribution. Figure 2: Type distribution.

These findings reveal significant class imbalance, particularly in the polarity label, justifying the use
of class-weighted losses in training.

We use 80% of the dataset for training and 20% for validation, following a stratified sampling strategy
to preserve label distributions.

4. Methodology

This section describes our two proposals evaluated on the official Rest-Mex 2025 dataset.

4.1. Hammer Squat_1_Run

This approach leverages a multilingual sentiment analysis model integrated with optimized text pre-
processing and multi-task learning. Specifically, our solution incorporates three core components:
advanced linguistic normalization, a transformer-based architecture with task-specific heads, and
adaptive training strategies for class imbalance mitigation.

4.1.1. Data Preprocessing

Text normalization techniques were systematically applied to raw inputs to ensure uniform format-
ting. Subsequently, the title and review fields were concatenated to form unified text representations.



Figure 3: Top 20 magical towns by review count.

Figure 4: Text Length Distribution (in words).

Since reviews constituted our primary focus, encoding correction was performed using ftfy along-
side emoji normalization via emoji.demojize. Additionally, non-informative elements including
URLs, user mentions, and domain-specific stopwords were removed while preserving diacritics and
numerical values. Character repetition patterns were concurrently reduced to single instances. Finally,
language detection excluded non-Spanish texts, with complementary length-based filtering retaining
texts exceeding 25 characters and 5 meaningful tokens.

4.1.2. Model Architecture

The architecture utilized tabularisai/multilingual-sentiment-analysis, a BERT-base model
pretrained for multilingual sentiment tasks [15]. Contextual representations from this shared encoder
subsequently fed three specialized classification heads: a 5-dimensional output for polarity prediction
(1-5 star scale), a 3-dimensional output for establishment type classification (Hotel, Restaurant, or
Attractive), and a 40-dimensional output for location identification (Magical Towns). To address dataset



imbalances, class weights based on inverse frequency were applied to balance the loss functions.

4.1.3. Training Configuration

AdamW optimization employed differentiated learning rates (1× 10−3 for classification heads versus
2 × 10−5 for the base encoder). Furthermore, loss components were weighted by task complexity:
30% polarity, 30% establishment type, and 40% location. Gradient accumulation (over 2 steps) enabled
effective batch sizes of 16, while gradient clipping (max norm 1.0) stabilized convergence. The learning
rate schedule combined a 10% warm-up phase with progressive encoder unfreezing after epoch 1.
Ultimately, mixed-precision training accelerated computation throughout 4 epochs.

4.2. Hammer Squat_2_Run

In this section is presented our second approach (𝐻𝑎𝑚𝑚𝑒𝑟𝑆𝑞𝑢𝑎𝑡_2_𝑅𝑢𝑛). Our second proposal
consists of three key components: data preprocessing, model design, and training configuration. Each
step plays a critical role in building an effective and robust multi-task learning system.

4.2.1. Data Preprocessing

Preprocessing is essential to convert noisy, unstructured text into a clean format that machine learning
models can interpret effectively. First, we concatenate the Title and Review fields to form a unified
text input for the model. This ensures the model has access to all user-generated content associated
with a review.

Next, we apply linguistic preprocessing using spaCy’s es_core_news_sm model. This includes
lemmatization (reducing words to their base forms), stopword removal (to eliminate uninformative
words), and punctuation filtering. These steps reduce noise and vocabulary size, improving the model’s
generalization.

Finally, we encode the categorical labels (polarity, type, and town) using label encoding, trans-
forming them into numerical values compatible with neural networks.

4.2.2. Model Architecture

We adopt a multi-task learning approach built on top of the pre-trained BERT model for Spanish:
bert-base-spanish-wwm-cased [16]. Multi-task learning enables the model to learn shared repre-
sentations that benefit multiple related tasks in this case, predicting polarity, place type, and town.

The architecture consists of:

• A shared BERT encoder that processes the input text into contextual embeddings.
• Three separate classification heads fully connected layers for each prediction task:

– Polarity: 5 output neurons (for classes 1 to 5)
– Type: 3 output neurons (hotel, restaurant, attraction)
– Town: 60 output neurons (corresponding to each Magical Town)

This design allows each head to specialize while benefiting from shared information learned across
tasks. Each head is optimized independently via task-specific cross-entropy loss. Also, class imbalance
is mitigated by computing class weights and integrating them into each loss function. The multi-head
architecture improves model efficiency by avoiding the need to train separate models.

4.2.3. Training Configuration

To train the model, we use the AdamW optimizer with a learning rate of 2e-5, which is well-suited
for fine-tuning transformers. We apply the ReduceLROnPlateau scheduler to automatically reduce the
learning rate when validation performance plateaus, ensuring stable convergence.



Table 1
Resultados de los modelos

Place Run Track Score Macro F1 (Polarity) Macro F1 (Type) Macro F1 (Town)
1 UDENAR_1 0,725 0,644 0,987 0,691
2 Axolotux_E_T3 0,722 0,639 0,987 0,689
3 Axolotux_E3 0,719 0,638 0,987 0,684
20 Hammer Squat_1_Run 0,645 0,579 0,970 0,580
41 Hammer Squat_2_Run 0,535 0,473 0,944 0,441

A batch size of 16 is chosen to balance performance and memory usage, and we train for 15 epochs.
We also calculate class weights based on the label distribution and use them in the cross-entropy loss
function for each task. This addresses class imbalance and encourages the model to pay more attention
to minority classes.

During training, the model is evaluated on a validation split to track performance. The best-performing
model checkpoint is saved and later used for evaluation and inference.

Together, these methodological components ensure that the model is well-prepared to handle the
complexities of real-world multilingual, multi-label classification in the tourism domain.

5. Results

We assess the system’s performance Macro F1-score for each task. As shown in Figure 1, the results ob-
tained by the Hammer Squat team in the REST-MEX competition, represented by the solutions Hammer
Squat_1_Run (20th place) and Hammer Squat_2_Run (41st place), show a considerable performance
gap compared to the top three entries: UDENAR_1, Axolotux_E_T3, and Axolotux_E3.

While both Hammer Squat submissions achieved reasonable scores, there are clearly critical areas
for improvement, particularly in the Macro F1 (Polarity) and Macro F1 (Town) metrics, where the most
notable differences can be observed. For instance, in the polarity task, Hammer Squat_1_Run scored
0.579, compared to 0.644 by the top-ranking model. The gap is even wider for Hammer Squat_2_Run,
which achieved only 0.473 in this metric. Regarding the town classification task (Macro F1 (Town)),
the Hammer Squat models again lag behind, with scores of 0.580 and 0.441, while the leading model
reached 0.692.

Notably, in the Macro F1 (Type) metric, which evaluates entity type classification, the Hammer Squat
models performed more competitively (0.970 and 0.944) compared to the winner (0.987), indicating that
the team’s approach has strengths in certain specific tasks. Overall, while the Hammer Squat solutions
did not reach the top ranks, the results show promising potential, particularly if improvements are made
in components related to sentiment detection and geographic localization. These key areas could benefit
from further refinement, such as implementing more advanced linguistic preprocessing techniques or
leveraging models specifically tuned for sentiment analysis and textual geolocation.

Comprehensive details regarding the overall results, including information about the participating
teams, can be found in [17].

6. Conclusion

This paper introduce two models for sentiment analysis of Spanish-language reviews in the tourism
domain. Our system jointly predicts sentiment polarity, place type, and location with promising results
using shared representations and task-specific outputs. The approaches are efficient and adaptable,
achieving high performance with modest hardware requirements. Future directions include integrating
attention-based fusion and exploring multilingual generalization.
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