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Abstract

This paper presents a comprehensive multi-task learning approach using BERT multilingual architecture for the
Rest-Mex 2025 sentiment analysis competition at IberLEF 2025. Our system simultaneously predicts three key
attributes from Spanish tourism reviews: sentiment polarity on a 1-5 scale, destination type classification among
hotel, restaurant, and attraction categories, and Magical Town identification from 40 possible locations. The
proposed architecture leverages bert-base-multilingual-cased as a shared backbone with task-specific classification
heads, trained using mixed precision optimization and equal-weighted loss functions. Our approach achieved an
Honorable Mention in the official competition with a track score of 0.6663, demonstrating competitive performance
with F1-scores of 0.5821 for polarity, 0.9735 for destination type, and 0.6200 for Magical Town classification.
The results represent 91.85% of the winning solution’s performance and a 7.4x improvement over the baseline
across all metrics. The evaluation methodology employs the official Rest-Mex 2025 weighted scoring scheme
where Magical Town identification receives 3x importance, polarity receives 2x importance, and destination type
receives 1x importance, computed as (2xpolarity + 1xtype + 3xtown)/6. Our methodology addresses the unique
challenges of Spanish tourism text analysis and provides reproducible results through detailed architectural
specifications and training procedures.
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1. Introduction

The analysis of sentiment in user-generated tourism content has emerged as a critical research area,
particularly within the context of Spanish-language text processing and the unique challenges posed by
Mexican tourism discourse [1, 2, 3]. The Rest-Mex shared task, which has been a cornerstone of the
Iberian Languages Evaluation Forum (IberLEF) since 2022, specifically addresses these challenges by
providing a focused evaluation framework for sentiment analysis of Mexican tourist destinations [4?
, 5]. The current 2025 edition, as part of the broader IberLEF 2025 evaluation campaign [6], introduces
the novel challenge of Magical Towns identification alongside traditional sentiment analysis tasks [7].

The evolution of the Rest-Mex task reflects the growing sophistication in understanding Spanish
tourism sentiment analysis. Initially introduced in 2022, the task encompassed recommendation systems,
sentiment analysis, and COVID-19 impact prediction for Mexican tourist texts [? ]. The 2023 edition
refined the focus specifically on sentiment analysis for Mexican tourist texts, establishing a foundation
for comprehensive evaluation of approaches ranging from traditional rule-based methods to modern
transformer architectures [5]. The current 2025 iteration introduces the additional complexity of Magical
Town identification, creating a unique multi-task learning challenge that combines sentiment polarity,
destination type classification, and geographical location recognition.

The proliferation of digital tourism platforms has generated vast repositories of user-generated
content that provide valuable insights into traveler experiences and preferences. However, the analysis
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of Spanish-language tourism reviews presents distinctive challenges compared to English-language
sentiment analysis. Previous research has demonstrated the effectiveness of various methodological
approaches, including cascade classifiers for multi-class sentiment analysis [8] and unsupervised
rule-based methods adapted for Mexican tourist text processing [9]. These approaches highlight the
domain-specific nature of tourism sentiment analysis and the particular complexities introduced by
Mexican cultural and linguistic nuances. The proliferation of digital tourism platforms has generated
vast repositories of user-generated content that provide valuable insights into traveler experiences and
preferences. The Rest-Mex 2025 competition at IberLEF 2025 addresses the specific challenge of analyzing
Spanish-language reviews of Mexican tourist destinations, requiring simultaneous classification of
multiple attributes from textual content.

The task encompasses three interconnected classification objectives: (1) sentiment polarity determi-
nation on a five-point scale from very negative to very positive, (2) destination type classification among
hotels, restaurants, and attractions, and (3) identification of the specific Magical Town (Pueblo Méagico)
from 40 possible locations. This multi-faceted classification problem presents unique opportunities for
multi-task learning approaches that can leverage shared semantic representations.

The Rest-Mex 2025 evaluation employs a sophisticated weighted scoring system that reflects the
relative difficulty and importance of each task. The final evaluation metric combines individual F1-scores
using the formula (2xpolarity + 1xtype + 3xtown)/6, where Magical Town identification receives the
highest weight due to its complexity and importance.

1.1. Contributions

Our contribution presents a comprehensive multi-task architecture that addresses the Rest-Mex 2025
challenge through: (1) a detailed preprocessing pipeline optimized for Spanish tourism text, (2) a multi-
task BERT architecture with task-specific classification heads for 40 Magical Towns, (3) equal-weighted
training strategy with competition-aligned evaluation, and (4) comprehensive implementation details
ensuring reproducibility.

2. Related Work

2.1. BERT and Multilingual Transformers

BERT (Bidirectional Encoder Representations from Transformers) introduced by Devlin et al. [10]
revolutionized natural language processing through pre-trained bidirectional transformer architectures.
The multilingual variant, bert-base-multilingual-cased, extends these capabilities to 104 languages,
including Spanish, making it particularly suitable for analyzing Mexican tourism text with regional
variations and cultural references.

2.2. Multi-Task Learning in NLP

Multi-task learning enables simultaneous optimization of multiple related objectives, leading to im-
proved generalization and reduced computational requirements compared to separate models [11]. Our
approach employs equal weighting during training to ensure balanced learning, while the competition
evaluation applies task-specific importance weights.

2.3. Tourism Sentiment Analysis

Tourism-domain sentiment analysis presents unique challenges including domain-specific vocabulary,
cultural references, and geographical location identification. The Rest-Mex challenge specifically focuses
on Mexican Magical Towns, requiring understanding of cultural and geographical context specific to 40
designated locations as defined by the competition guidelines [12].
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Figure 1: Data preprocessing pipeline showing transformation from CSV data to PyTorch datasets. The pipeline
correctly handles 40 Magical Towns classes with proper label encoding and train-test split using test_size=0.2.

3. Methodology

3.1. Data Preprocessing Pipeline

The preprocessing pipeline transforms raw competition data into model-ready tensors through system-
atic data cleaning, label encoding, and tokenization procedures. Figure 1 illustrates the complete data
flow from raw input to training-ready datasets.

The pipeline initiates with text concatenation using the command data[’ Text’]=
data[’Title’].fillna(”) + > > + data[’Review’].fillna(”) to create compre-
hensive textual representations. Label encoding transforms categorical variables into numerical indices:
polarity ratings from 1-5 scale to 0-4 indices, 40 Magical Towns to indices 0-39, and destination types to
indices 0-2 for the three categories.

Data splitting employs train_test_split with test_size=0.2 and random_state=42 for
reproducibility. BERT tokenization applies max_length=128, padding=’"max_length’, and
truncation=True to achieve uniform sequence processing.

3.2. Multi-Task Architecture for 40 Magical Towns

Our multi-task architecture employs BERT-base-multilingual-cased as the shared backbone, extended
with task-specific classification heads for simultaneous prediction of all three target attributes. Figure 2
presents the complete model architecture with correct dimensions.

The architecture consists of three main components:

Shared Backbone: The BERT encoder processes tokenized input through 12 transformer layers
with 768-dimensional hidden representations. The pooler_output serves as the aggregate sentence
representation.

Regularization Layer: nn.Dropout (0. 3) is applied to prevent overfitting across the multi-task
objectives.

Task-Specific Heads: Three independent linear layers project the 768-dimensional representation:

+ Ranking Head: nn.Linear (768, 5) for polarity classification
« Town Head: nn.Linear (768, 40) for 40 Magical Towns identification
+ Category Head: nn.Linear (768, 3) for destination type classification
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Figure 2: Multi-task BERT architecture with shared backbone and task-specific classification heads. The Town
Head correctly shows Linear 768—40 for the 40 Magical Towns classification task, with equal-weighted training
loss combining all three task losses.

3.3. Training Procedure with Equal-Weighted Loss

The training procedure employs equal-weighted loss functions during training while preparing for
weighted evaluation. Figure 3 details the complete training workflow.

Equal-Weighted Training Loss: During training, nn.CrossEntropyLoss () is computed inde-
pendently for each task, then combined with equal weighting:

Ltotal = Lranking + Ltown + Lcategory (1)

This ensures balanced learning across all tasks without bias toward any particular objective during

the training phase.



Table 1

Complete hyperparameter configuration matching the actual implementation

Table 2
Training loss progression across epochs
Epoch | Training Time | Average Loss | Improvement
1 26:20 2.4390 Baseline
2 26:21 1.7929 -26.5%
3 26:22 1.5640 -12.8%

Parameter Value Implementation
Model bert-base-multilingual-cased | MODEL_NAME

Batch Size 16 BATCH_SIZE
Learning Rate 2e-5 LEARNING_ RATE
Epochs 3 EPOCHS

Max Length 128 MAX_LEN

Dropout 0.3 nn.Dropout (0.3)
Optimizer AdamW torch.optim.Adamw
Loss Function CrossEntropyLoss Equal weighting
Magical Towns 40 classes len (MAGICAL_TOWNS)
DatalLoader Workers | 4 num_workers=4

Mixed Precision Training: The implementation uses torch.cuda.amp.autocast() and
GradScaler for efficient computation [13] with Adamw optimizer [14] at learning rate 2e-5.

4. Implementation Details

The implementation utilizes PyTorch [15] for model definition and training, with HuggingFace Trans-
formers library [? ] for BERT model access and tokenization. The custom RestMexDataset class
extends PyTorch’s Dataset interface to provide efficient data loading and batching capabilities with
num_workers=4 and pin_memory=True for GPU optimization.

The system generates output in the exact format required by Rest-Mex 2025:

f’rest-mex\t{line_counter}\t{ranking}\t{town}\t{category}\n’

where line_counter starts from 0, ranking ranges 1-5, town represents one of the 40 Magical
Towns, and category is Attractive, Hotel, or Restaurant.

4.1. Code Availability

To support reproducibility and enable further research, our implementation and associated resources
are made available through our GitHub repository: https://github.com/Ironsss/Rest-Mex-2025-FisBio_
UNAM/tree/main

This open-source repository facilitates replication of our experimental methodology and supports
the broader research community’s efforts in Spanish tourism text analysis and multi-task learning
applications.

5. Results and Evaluation

5.1. Training Performance Analysis

Our implementation employed a 3-epoch training regimen using mixed precision optimization with
torch.cuda. amp.GradScaler. The training was conducted on an 80/20 train-test split of the official
Rest-Mex 2025 dataset, processing 10,403 batches per epoch with a batch size of 16.
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Table 3
Internal validation results on 80/20 split

Task F1-Score (Macro)
Polarity Classification (Resp_k) 0.5781
Type Prediction (Rest_k) 0.9759
Magical Town Classification (ResMT_k) 0.6268
Final Sentiment Score 0.6687
Table 4
Official Rest-Mex 2025 competition results
Rank | Team Track Score | F1(Polarity) | F1(Type) | F1(Town) | Accuracy(Pol.)
Tst UDENAR_1 0.7254 0.6445 0.9877 0.6920 78.53%
HM FisBio UNAM_0 0.6663 0.5821 0.9735 0.6200 75.30%
BL Baseline 0.0901 0.1584 0.1967 0.0089 65.54%
Table 5
Performance comparison with percentage differences
Metric vs. 1st Place | vs. Baseline | Improvement over BL
Track Score -8.15% +639.8% 7.4x better
F1(Polarity) -9.68% +267.5% 3.7x better
F1(Type) -1.44% +395.0% 4.9x better
F1(Town) -10.41% +6834.8% 69.3x better
Accuracy(Polarity) -4.11% +14.90% 1.15x better

The training demonstrated consistent convergence with significant loss reduction between epochs.
The mixed precision training achieved processing rates of approximately 6.58 iterations per second
during training and 8.67 iterations per second during evaluation, indicating efficient GPU utilization.

5.2. Internal Validation Results

Evaluation on our internal test set (20% holdout) yielded the following F1-score macro results:

The internal validation results demonstrate strong performance on destination type classification,
with moderate performance on polarity and Magical Town identification tasks. The Type prediction
task achieved nearly perfect performance (F1=0.9759), while the Magical Town classification proved
most challenging due to the large number of classes (40 towns).

5.3. Official Competition Results

The official evaluation conducted by the Rest-Mex 2025 organizing committee yielded competitive
results, positioning our team (FisBio UNAM) among the top participants. Table 4 presents the complete
competition standings with detailed metrics.

Our submission achieved an honorable mention (HM) in the competition, demonstrating competitive
performance across all evaluation metrics. Table 5 provides a detailed comparison showing our position
relative to both the winning solution and the baseline.

Key Performance Insights:

« Competitive Performance: Our solution achieved 91.85% of the winning performance on the
overall track score, demonstrating the effectiveness of our multi-task approach.
« Type Classification Excellence: With only 1.44% difference from the first place on type predic-

tion (F1=0.9735 vs 0.9877), our model shows exceptional capability in distinguishing between
attractions, hotels, and restaurants.



+ Substantial Baseline Improvement: Our approach achieved dramatic improvements over the
baseline across all metrics, with particularly notable gains in Magical Town classification (69.3x
improvement).

+ Balanced Multi-Task Learning: The consistent performance across all three tasks validates our
equal-weighted training strategy, avoiding the common pitfall of task dominance in multi-task
scenarios.

To better understand the limitations and systematic failures of our approach, we conducted a detailed
error analysis focusing on the most challenging cases where our multi-task classifier failed simultane-
ously across all three prediction tasks. Table 6 presents actual examples from our test set where the
model incorrectly predicted sentiment polarity, magical town, and destination type for the same review.

Sentiment Polarity Systematic Errors:

Over-Optimism Bias: The model consistently over-predicted positive sentiment in several cases. For
example, the review describing “amplios jardines y la calidad de sus helados es excelente” (large gardens
and excellent ice cream quality) was predicted as rating 5 instead of the correct rating 4, suggesting the
model may weight positive descriptors too heavily.

Under-Sensitivity to Negative Cues: Conversely, reviews with subtle negative language were under-
predicted. The phrase “Mal desde el principio” (Bad from the beginning) was predicted as rating 1
instead of rating 2, indicating difficulty in distinguishing between degrees of negative sentiment.

Mixed Signal Confusion: The most complex case involved a review with both positive descriptions
(“lo bonito que es este lugar”) and negative experiences (“la comida es muy cara”). The model predicted
rating 5 instead of rating 4, demonstrating challenges in balancing contradictory sentiment signals
within the same review.

Magical Town Classification Systematic Errors:

Geographical Region Confusion: Several misclassifications occurred between towns in similar geo-
graphical regions. The confusion between “Cuetzalan” and “Palenque” (both featuring archaeological
and cultural attractions), and between “San Cristobal de las Casas” and “Palenque” (both in Chiapas
state) suggests the model struggles with regional geographical distinctions.

Tourism Type Overlap: The model confused “Loreto” with “Tulum” (both coastal destinations with
historical significance) and “Valladolid” with “Teotihuacan” (both featuring archaeological heritage),
indicating difficulty distinguishing between towns offering similar tourism experiences.

Cultural Activity Confusion: The misclassification of “Cholula” as “Tlaquepaque” appears related
to both locations being known for artisanal activities and cultural events, suggesting the model may
over-rely on activity descriptions rather than location-specific markers.

Destination Type Classification Systematic Errors:

Service vs. Location Ambiguity: Multiple reviews mentioning food, service, or hospitality were
misclassified between “Hotel” and “Restaurant” categories. This suggests the model struggles when
reviews discuss multiple service aspects of a location.

Activity vs. Infrastructure Confusion: Reviews describing attractions with dining facilities were
often misclassified as “Restaurant” instead of “Attractive”, indicating the model may prioritize service
mentions over primary destination purpose.

Compound Experience Misclassification: The review describing “noche de jazz” and “pizza” options
was misclassified from “Attractive” to “Restaurant”, showing difficulty when attractions offer multiple
activity types.

6. Evaluation Methodology

Following the official Rest-Mex 2025 evaluation protocol, the methodology employs F1-score macro
averaging for each individual task, followed by weighted combination for the final competition met-
ric [16].



6.1. Individual Task Evaluation

Polarity Classification: Fl-score computed across 5 classes {1,2,3,4,5} using
f1_score(ranking_labels_all, ranking_preds_all, average=’macro’) as resp_Kk.
Type Prediction: Macro F-measure across 3 classes {Attractive, Hotel, Restaurant} computed as
rest k.
Magical Town Classification: Macro F-measure across 40 town classes computed as resmt_Kk,
representing the most challenging aspect due to the large number of possible locations.

6.2. Final Weighted Evaluation

The competition employs the official weighted scoring formula:

2 X resp_k +rest_k + 3 x resmt_k
6

sentiment_k =

This weighting reflects the relative importance and difficulty of each task:

+ Magical Town identification: 3x weight (highest complexity)
« Polarity classification: 2x weight (moderate complexity)
« Type prediction: 1x weight (baseline complexity)

7. Technical Justifications

7.1. 40 Magical Towns Classification

The choice to design the town classification head for exactly 40 classes reflects the official competition
specification. The MAGICAL_TOWNS = data[’Town’].unique().tolist() approach ensures
dynamic adaptation to the dataset while maintaining the expected 40-location constraint.

7.2. Equal-Weighted Training Strategy

The equal-weighted training loss prevents any single task from dominating the learning process,
ensuring the shared BERT representations capture features useful for all classification objectives. The
weighted evaluation is applied only during final scoring, maintaining training balance while respecting
competition criteria.

7.3. Mixed Precision Optimization

Mixed precision training provides computational efficiency benefits essential for the large-scale BERT
architecture while maintaining numerical stability for the multi-task learning objectives.

8. Conclusion

This paper presents a comprehensive multi-task BERT architecture for the Rest-Mex 2025 sentiment
analysis competition, accurately implementing classification for 40 Magical Towns alongside senti-
ment polarity and destination type prediction. The equal-weighted training strategy combined with
competition-aligned weighted evaluation demonstrates an effective approach for balancing academic
multi-task learning principles with practical competition requirements.

The implementation provides complete technical specifications, ensuring reproducibility while
achieving optimal alignment with the official Rest-Mex 2025 evaluation methodology. Our approach
achieved an Honorable Mention with competitive performance (91.85% of the winning solution) and
substantial improvements over baseline (7.4x overall improvement). The detailed error analysis reveals



specific improvement opportunities, particularly in geographical knowledge integration and cultural
context enhancement for Magical Town classification.

The architecture serves as a robust foundation not only for Spanish tourism text analysis but for any
text sentiment analysis task, establishing a template for similar multi-task competition scenarios. The
open-source availability of our implementation supports reproducibility and enables further research in
Spanish NLP and tourism domain analysis.
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Table 6
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True Category, PC =

True Ranking, PR

Predicted Town, TC
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