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Abstract

Text-based emotion detection (TBED) is one of essential natural language processing problems. Such a well-known
challenge as a low degree of data availability (as in the case of early modern Spanish) as well as the underexplored
potential of the newly emerging large language models (LLMs) present unique opportunities for researchers to
advance the state-of-the-art solutions applied to TBED. In this work, we propose several techniques for (large)
language model prompting and fine-tuning, as we participate in the shared task “Historical Text-Based Emotion
Detection in Early Modern Spanish Correspondence”. The results show that the tested LLMs require further
elaboration on prompt and fine-tuning design to be successfully applied to the TBED task.
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1. Introduction

Text-based emotion detection (TBED) is among the most widely addressed natural language processing-
related problems. While language models (including newly emerging large language models (LLMs))
appear a promising tool for tackling this challenge, their potential remains underexplored for this task.
This particularly applies to the cases where poor language resources are available, such as historical
text emotion mining.

This work presents the results of an attempt to resolve the text-based emotion detection problem
within the framework of the shared task “Historical Text-Based Emotion Detection in Early Modern
Spanish Correspondence” (HISEMOTIONS) [1] organized as part of the Iberian Languages Evaluation
Forum (IberLEF 2026) [2]. This shared task addresses semantic and diachronic challenges that the
Spanish language migh pose for conveying emotion. Regarding this work, we prompt and fine-tune
several LLMs using the original pieces of early modern Spanish text as well as their translations into
English. In addition, we perform encoder tuning applied to several BERT-based language models. The
corresponding multilabel dataset’s sentences are mapped to a set of emotions (classes) that distinguishes
sadness, joy, surprise, anger, fear, and hope. If the given sentence is not associated with any of the
aforementioned classes, it is assigned the label “none”.

The remainder of this manuscript is structured as follows. Section 2 describes the methodology
applied throughout the experiments. Section 3 reports the corresponding experimental results. Section 4
concludes the paper stating the main achievements and limitations of the present work.

2. Methodology

Four groups of experiments have been carried out. First, zero-shot prompting experiments over the
baseline model were carried out (see Section 2.1 for details). On a similar note, (Spanish-to-English)
translation-based prompting was performed to estimate the potential of multilingual LLMs for TBED
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(see Section 2.2 for details). Then, one LLM was fine-tuned over a limited range of hyperparameters
(see Section 2.3 for details). Subsequently, three encoders were fine-tuned over a wider range of
hyperparameters to evaluate the impact on the corresponding models’ performance (see Section 2.4
for details). Finally, the best performing model was selected to be tested using the test set data (see
Section 2.5 for details).

2.1. Zero-shot prompting

First, three zero-shot prompting experiments were conducted. Those included the following three
baseline LLMs: Qwen 2.5 [3]', Qwen 3 [4]? and DeepSeek 3.2 [5]°. Importantly, these open-source
models are directly available via API* and were exposed to Spanish when pretraining. Each of them was
prompted with a query corresponding to the given emotion classification task. The following prompt
was used to classify the emotion (possibly) encapsulated in text: “You are a model for detecting emotions
in text. For each text, determine the presence of the following emotions: joy, sadness, fear, anger, surprise,
hope. A text may contain one emotion, multiple emotions, or no emotions. Return only the detected emotion
names separated by commas. Examples: joy, sadness, fear, anger, surprise, hope. If no emotions are present,
return: none. Do not add explanations. For single-text requests, return exactly one line”.

2.2. Translation-based prompting

In the second round of experiments, the original texts were translated into English using GPT-5.2. This
state-of-the-art model was selected due to its easiness to use via APIL To do so, the following prompt
was used: “Translate each text into English. Preserve meaning, names, places, dates, and tone. Return only
a valid JSON array of strings in the same order as the input array. Do not add markdown or explanations”.
The emotion classification task was then addressed using the models indicated in Section 2.1.

2.3. LLM fine-tuning

In the third round of experiments, Llama 3.1 [6]° was fine-tuned to assess the impact of tuning against
the previously prompted models (see Sections 2.1 and 2.2 for details), among others. This model was
selected for fine-tuning due to hardware limitations. Two learning rates were used (1 x 10~* and
1 x 107?) in the corresponding experiments. The quantized low-rank adaptation technique (QLoRA) [7]
was used when fine-tuning the baseline model in both experiments.

2.4. Encoder tuning

Next, three encoders were fine-tuned additionally. Namely, those were (1) the case-sensitive multilingual
BERT [8]°, (2) the BERT-based model trained on a Spanish corpus BETO [9]” and (3) the multilingual
BERT-based encoder mmBERT [10]%. Encoders are cheap to both train and infer. While the downstream
usage is limited to the data exposed during training, it remains a classic approach to classification
problems.

Two types of BETO encoders were used in the corresponding experiments: the case-sensitive and the
non-case-sensitive ones. All the three encoders were fine-tuned using three learning rates: 1 x 1074,
1 x 107% and 1 x 1075, In addition, BERT was fine-tuned using both weighted and unweighted binary
cross-entropy loss.
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Table 1
Zero-shot prompting experimental results (all of them sorted by macro F1-score)

Model Precision (macro) Recall (macro) F1-score (macro)
Qwen-2.5 0.516 0.639 0.568
Qwen-3 0.533 0.658 0.567
DeepSeek-3.2 0.678 0.551 0.542
Table 2
Zero-shot prompting experimental results (F1-scores by class)
Model Anger Fear  Joy  Sadness Surprise Hope None
Qwen-2.5 0.625 0.467 0.523 0.622 0.429 0.451 0.860
Qwen-3 0.680 0.516 0.529 0.579 0.364 0.486 0.812

DeepSeek-3.2  0.667 0.500 0.492 0.623 0.250 0.397  0.867

Table 3
Translation-based experimental results (all of them sorted by macro F1-score)
Model Precision (macro) Recall (macro) F1-score (macro)
Qwen-3 0.598 0.648 0.611
Qwen-2.5 0.674 0.568 0.598
DeepSeek-3.2 0.637 0.611 0.582
Table 4
Translation-based experimental results (F1-scores by class)
Model Anger Fear  Joy  Sadness Surprise Hope None
Qwen-2.5 0.694  0.469 0.510 0.604 0.600 0.457  0.851
Qwen-3 0.763 0517 0.610 0.641 0.333 0.544  0.866
DeepSeek-3.2  0.692  0.482 0.465 0.600 0.444 0.554  0.840

2.5. Final model selection

Finally, the weighted majority voting strategy was applied to select the best performing model among
those used in Sections 2.1 - 2.4. This strategy was applied within the framework of another shared
task on TBED [11]. Hence, inspired by a work from that shared task [12], we created several ensemble
models based on the macro F1-scores of the n best performing models used to estimate which ensemble
showed best performance. Ensembles of the top-3, top-5, top-7, and top-10 models with the best macro
F1-scores were selected.

3. Experimental results

This section reports the results obtained during each experimental phase. Table 1 demonstrates the
overall results (macro precision, recall, and F1-scores) achieved using the models mentioned in Section 2.1.
It turns out that both Qwen models slightly outperform the DeepSeek-3.2 model. Table 2 reports the
F1-scores computed for each of these models for each class.

Table 3 shows the results obtained for the previously reported models when the input text was first
translated into English. Again, Qwen-3 [4] performs slightly better than the other two models tested.
Table 4 reports the class-based F1-scores obtained for each model.

Table 5 reports the overall LLM fine-tuning results. All the computed evaluation metrics appear to
be of lower values than those computed for the directly prompted LLMs or those translation-based.



Table 5
LLM fine-tuning experimental results (all of them sorted by macro F1-score; Ir stands for learning rate)

Model Precision (macro) Recall (macro) F1-score (macro)
Llama-3.1, Ir=1e-05 0.515 0.581 0.409
Llama-3.1, Ir=1e-04 0.488 0.481 0.367

Table 6
LLM fine-tuning experimental results (F1-scores by class; Ir stands for learning rate)
Model Anger Fear  Joy Sadness Surprise Hope None
Llama-3.1, Ir=1e-05  0.448 0.279 0.333 0.370 0.222 0.551  0.658
Llama-3.1, Ir=1e-04  0.038  0.443 0.507 0.384 0.000 0.380 0.819

Table 7
Encoder tuning experimental results (all of them sorted by macro F1-score; Ir stands for learning rate)
Model Precision (macro) Recall (macro) F1-score (macro)
BETO (Ir=1e-05, cased, weighted) 0.424 0.553 0.449
BETO (Ir=Te-04, cased, weighted) 0.413 0.576 0.440
BERT (Ir=1e-05, cased, weighted) 0.352 0.537 0.411
BETO (Ir=1e-05, cased) 0.443 0.450 0.386
BETO (Ir=1e-05, uncased) 0.447 0.440 0.356
BERT (Ir=1e-05, cased) 0.323 0.421 0.328
mmBERT (Ir=1e-05) 0.486 0.339 0.291
mmBERT (Ir=Te-04) 0.370 0.321 0.249
mmBERT (Ir=1e-06) 0.304 0.381 0.284
BETO (Ir=1e-04, cased) 0.320 0.335 0.278
BETO (Ir=1e-06, cased) 0.286 0.385 0.275
BETO (Ir=1e-04, uncased) 0.184 0.328 0.226
BERT (Ir=1e-06, cased, weighted) 0.121 0.615 0.196
BERT (Ir=1e-06, cased) 0.135 0.512 0.191
BETO (Ir=1e-06, cased, weighted) 0.118 0.456 0.180
BETO (Ir=1e-06, uncased) 0.085 0.714 0.149
BERT (Ir=1e-04, weighted) 0.039 0.429 0.071
BERT (Ir=Te-04) 0.031 0.286 0.055

Remarkably, the F1-scores of the fine-tune model (Llama-3.1) with both learning rates used do not
achieve the 50% level. Table 6 presents them distinguishing between the dataset classes.

Table 7 presents the experimental results for LLMs where encoder tuning was applied. In general,
the best performing LLM is the Spanish version of BERT [9]. Remarkably, its both cased and uncased
versions appear four times among the top-5 models showing best performance. Table 8 reports the each
encoder’s F1-scores for each class.

Finally, Table 9 shows the evaluation metric scores computed for the ensemble models made up of
the n-best performing models. Table 10 distinguishes the corresponding results among all the dataset
classes. The top-3 models are all the LLMs used in the translation-based prompting experiments (see
Table 3 for details). The top-5 models are all those making part of top-3 as well as Qwen-2.5 and
Qwen-3 used in zero-shot prompting experiments. The top-7 models are the top-5 models as well as
DeepSeek-3.2 used in zero-shot prompting experiments and BETO (learning rate = 1 x 107>, cased,
weighted). Finally, the top-10 models are all those from top-7 as well as BETO (learning rate = 1 x 10™4,
cased, weighted), BERT (learning rate = 1 x 1072, cased, weighted), and the fine-tuned Llama-3.1
(learning rate = 1 x 107°).

Being the best performing model on the development set, the top-7 ensemble was submitted to be



Table 8
Encoder tuning experimental results (F1-scores by class; Ir stands for learning rate)

Model Anger Fear  Joy  Sadness Surprise Hope None

BETO (Ir=Te-05, cased, weighted)  0.382  0.315 0.500 0.467 0.231 0.393 0.854
BETO (Ir=1e-04, cased, weighted)  0.367 0.311  0.511 0.524 0.107 0.404 0.857
BERT (Ir=1e-05, cased, weighted)  0.362  0.332 0.423 0.476 0.000 0.441  0.844
BETO (Ir=1e-05, cased) 0.250  0.379 0.510 0.459 0.000 0.258  0.847
BETO (Ir=1e-05, uncased) 0.172  0.347 0.491 0.460 0.000 0.167  0.856
BERT (Ir=1e-05, cased) 0.263  0.297 0.209 0.435 0.000 0.260  0.834
mmBERT (Ir=1e-05) 0.038 0.289 0.400 0.419 0.000 0.067 0.823
mmBERT (Ir=1e-04) 0.000 0.328 0.229 0.549 0.000 0.065 0.822
mmBERT (Ir=1e-06) 0.000 0.325 0.261 0.506 0.000 0.086  0.811

BETO (Ir=1e-04, cased) 0.000 0.256 0.435 0.383 0.000 0.044  0.829
BETO (Ir=1e-06, cased) 0.000 0.281 0.232 0.455 0.000 0.141  0.819
BETO (Ir=1e-04, uncased) 0.000 0.271 0.000 0.485 0.000 0.000 0.823
BERT (Ir=1e-06, cased, weighted)  0.211 0.187 0.211 0.384 0.095 0.285 0.000
BERT (Ir=1e-06, cased) 0.252  0.252  0.107 0.441 0.035 0.253  0.000
BETO (Ir=1e-06, cased, weighted) 0.169  0.282 0.124 0.400 0.000 0.286  0.000
BETO (Ir=1e-06, uncased) 0.185 0.145 0.107 0.273 0.047 0.285  0.000
BERT (Ir=1e-04, weighted) 0.000 0.145 0.107 0.241 0.000 0.000  0.000
BERT (Ir=1e-04) 0.000 0.145 0.000 0.241 0.000 0.000 0.000

Table 9
Final model selection experimental results

Model  Precision (macro) Recall (macro) F1-score (macro)

Top-3 0.681 0.616 0.615
Top-5 0.683 0.648 0.630
Top-7 0.702 0.638 0.631
Top-10 0.702 0.638 0.628

Table 10
Final model selection experimental results (F1-scores by class).

Model Anger Fear Joy Sadness Surprise Hope None

Top-3 0.740  0.500 0.581 0.641 0.444 0.542  0.859
Top-5 0.763  0.571 0.563 0.662 0.444 0.536  0.867
Top-7 0.761  0.574 0.567 0.684 0.444 0.517  0.868
Top-10  0.727 0.539 0.576 0.688 0.444 0.546  0.872

tested using the test data provided by the shared task organizers. The macro F1-score registered on the
test set is of 0.57.

4. Conclusion

This work underlines the complexity of the TBED task for early modern Spanish corpora. Indeed,
the macro F1 scores the directly prompted LLMs barely exceed 50%. In case of the translation-based
prompts, the corresponding macro F1 scores increase slightly. Remarkably, the macro F1 scores of both
the fine-tuned LLMs and BERT-based language models do not reach 50%.

It is therefore important to acknowledge a number of limitations. First, further data normalization
techniques appear needed, as F1-scores for specific classes (irrespective of the models) are oftentimes
equal to 0. Second, only a limited number of LLM models were used in the experiments. Third, a wider
range of hyperparameters should be used, as part of future work, to fine-tune the corresponding models.



Noteworthy, our team ranked third in the given shared task. It is also worth noting that the source
code is made publicly available °.
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