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Abstract
This study presents an approach to extracting temporal person-location relations in multilingual historical
documents in the context of the HIPE-2026 task. We implemented an architecture that integrates XLM-RoBERTa-
base, Named Entity Recognition (NER), Optuna-based hyperparameter optimization, balancing strategies, and a
lightweight Temporal Transformer module aimed at temporal and contextual refinement. The proposed system
aims to determine whether a person is associated with a location within the document’s immediate temporal
context or at some point in the past. Experimental results demonstrated that the progressive incorporation of
temporal and contextual mechanisms improved system performance, particularly for the isAt relation. The best
configuration achieved a Accuracy Profile Score of 0.4842 and a Generalization Profile Score of 0.3726 in the
official HIPE-2026 evaluation. Furthermore, the VerbaNexAI I team achieved 29th place in the official precision
profile and 9th place in the combined precision-efficiency profile, demonstrating competitive performance with a
moderate size multilingual architecture and controlled computational cost.
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1. Introduction

The identification of temporal and spatial relationships in texts constitutes a fundamental challenge
within Natural Language Processing (NLP), especially in contexts where historical, geographical, and
contextual information plays a relevant role in semantic interpretation. The ability to recognize named
entities, such as persons, locations, organizations, and events, as well as to understand the relationships
established among them over time, is essential for multiple applications related to knowledge graphs,
historical reconstruction, document analysis, and intelligent information retrieval systems. In this
context, Named Entity Recognition (NER) and temporal relation extraction have gained increasing
importance due to the need to interpret complex texts containing implicit and explicit references to
events occurring at different historical moments and geographical locations [1].

One of the main challenges in temporal and spatial relation extraction is understanding not only the
presence of entities within the text, but also the semantic and temporal context in which they interact.
In historical documents, relationships between persons and locations are not explicitly stated but
must be inferred from linguistic cues and narrative references. Additionally, factors such as language,
orthographic variation, and the presence of multiple languages significantly hinder automatic systems
ability to identify these relationships correctly. Consequently, the development of models capable of
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integrating contextual, temporal, and semantic information has become a fundamental necessity for
advancing tasks related to historical reconstruction, document analysis, and knowledge generation
from digitized historical collections.

Due to this need, the shared task HIPE-2026: “Evaluating Accurate and Efficient Person–Place Relation
Extraction from Multilingual Historical Texts”, focused on the multilingual extraction of person-place
relations in historical documents, aimed to develop systems capable of identifying whether a person was
actually associated with a specific location and determining whether such a relationship occurred within
the immediate temporal context of the document or at a past moment. The task sought to overcome the
limitations of traditional approaches based solely on textual co-occurrence by promoting models that
can understand the semantic, temporal, and geographical context of documents. The evaluation criteria
are: accuracy profile, generalization, and accuracy-efficiency [2] [3] [4].

In this context, we addressed this by using a RoBERTa-based architecture that integrates Temporal
Transformer Encoding and automatic hyperparameter optimization through Optuna. The proposed
approach aimed to improve the contextual understanding of person-place relationships by incorporating
explicit and implicit temporal information present in historical documents. The source code and the
experiments conducted are publicly available through the repository: 1.

2. Related Work

The identification of temporal relations and named entity recognition has become increasingly relevant
in the field of Natural Language Processing (NLP) due to the need to understand the contextual,
spatial, and temporal information contained in large volumes of text. These tasks enable analysis
of how people, places, events, and organizations are related across different historical, medical, and
documentary contexts, contributing to the development of intelligent information retrieval systems,
knowledge graph construction, and advanced semantic analysis. In this context, multiple studies have
explored techniques based on deep learning, neural models, and contextual representations to improve
temporal relation extraction in different domains. In one study, the authors implemented temporal
information extraction techniques based on Natural Language Processing and deep learning to identify
relations between medical events and the time of document creation. The proposed model integrated
contextual mechanisms and dynamic representation through Bi-LSTM, sliding windows, and a dynamic
routing algorithm inspired by Capsule Networks [5]. Similarly, another study employed techniques
for extracting and normalizing temporal expressions in Chinese texts. The proposed method, called
IMLLF, integrated Conditional Random Fields (CRF), linguistic features, knowledge-based rules, and
temporal reasoning to identify time points and periods. They incorporated lexical, graphical, and
co-occurrence features together with experimental comparisons against CRF and LSTM-CRF models
[6]. Likewise, a study proposed the SDLG model, which combined latent dynamic graphs, Graph
Convolutional Networks (GCN), attention mechanisms, and syntactic dependencies to identify temporal
and hierarchical relations between events [7]. Another approach introduced the CPTRE (Contrastive
Prototypical Temporal Relation Extraction) model, which integrated contrastive learning, prototypical
networks, R-GCN, and contextual representations based on BERT and BigBird for temporal relation
extraction between events [8]. Within this line of research, multitask approaches and hybrid systems
focused on temporal reasoning have also been developed. An example of this is TemPrompt, a multitask
framework for temporal relation extraction that combines prompt tuning, contrastive learning, and
event temporal reasoning over pretrained models such as RoBERTa and T5 [9]. Complementarily,
another study developed a system based on textual preprocessing techniques, temporal normalization,
and rule-based parsing using the reparse library, to automatically identify temporal information in
Italian clinical referrals related to medical follow-up examinations [10]. Likewise, a study proposed
ABTE-NET, an encoder-decoder architecture based on ALBERT and Bi-LSTM to extract timelines
from the life stories of older adults automatically. This approach incorporated summary extraction
techniques, attention networks, RNN, Bi-LSTM, and ROUGE metrics to identify events, participants,
1https://github.com/VerbaNexAI/CLEF2026
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time, and location within disordered biographical texts [11]. In this regard, various approaches have
explored integrating temporality, contextual reasoning, and Named Entity Recognition across multiple
domains and multilingual scenarios. Due to this growing interest, the HIPE initiative emerged to analyze
digitized historical documents using advanced Natural Language Processing (NLP) techniques. In its
HIPE-2020 edition, the primary objective was to evaluate and strengthen the recognition, classification,
and linking of named entities in digitized historical newspapers across.

3. Data

The HIPE-2026 organizers provided a multilingual dataset aimed at person-place relation extraction in
historical documents. The training corpus included documents in German, English, and French that
had been previously annotated with temporal and spatial relations between person and place entities.
The German subset consisted of 466 instances, the English subset of 307, and the French subset of
478, for a consolidated total of 1,251 instances across 104 historical documents. The dataset included
two main classification tasks: the at relation, focused on determining whether a person resided in or
visited a place before the publication of the document, and the isAt relation, which aims to determine
whether a person was present at a specific location during the precise time frame described in the
documen. For the at task, the dataset contained 690 instances labeled FALSE, 441 labeled TRUE, and 120
labeled PROBABLE. In contrast, the isAt task consisted of 972 FALSE instances and 279 TRUE instances.
These annotations enabled the modeling of complex scenarios involving temporal inference, contextual
reasoning, and semantic understanding in multilingual historical texts affected by data imbalance and
linguistic variations characteristic of different historical periods [12] [13] [14].

4. Architecture

Figure 1 presents the general architecture proposed for the task. The system was designed as a multilin-
gual multitask framework for extracting person-location temporal relations in historical documents. The
architecture integrates preprocessing, regularization, feature extraction through named entity recogni-
tion, hyperparameter optimization with Optuna, a Temporal Transformer module, and a multilingual
encoder based on XLM-RoBERTa for contextual representation learning to improve the identification of
at and isAt relations by incorporating semantic, temporal, and contextual information extracted from
multilingual historical texts.

Figure 1: Architecture system.

4.1. Preprocessing

During preprocessing, historical documents underwent normalization to reduce noise and address
heterogeneous structures typical of digitized historical texts. Key steps included text normalization,
elimination of duplicate spaces, correction of fragmented words, date standardization, extraction of
relevant metadata, and harmonization of multilingual textual formats. Furthermore, contextual windows
containing textual evidence related to person and location mentions were extracted.



4.2. Regularization

We implemented techniques to address class imbalance in the dataset and used different regularization
and balancing strategies during model training. Specifically, the WeightedRandomSampler technique
was used to balance the sampling distribution of training instances according to the combination of
labels associated with the at and isAt relations. Additionally, class weights were applied to the loss
functions to reduce the impact of class imbalance. For the at relation, which contains three classes
(TRUE, FALSE, and PROBABLE), a weighted CrossEntropyLoss function was employed. On the other hand,
for the isAt relation, corresponding to a binary classification task, BCEWithLogitsLoss with positive
class weighting was used to improve the identification of minority positive instances.

4.3. NER Feature Extraction

The architecture incorporates a Named Entity Recognition (NER)-based feature extraction module
with the purpose of enriching the contextual representation of each candidate Person–Location pair.
Although the HIPE corpus provides the target mentions already annotated, the NER module is not
used to identify them again, but rather to obtain additional contextual information present within
the evidence window surrounding both entities. This complementary information makes it possible
to characterize the semantic environment in which each historical relation appears and to provide
additional evidence for temporal reasoning.

From the evidence window, structural and semantic features related to the detected entities are
automatically extracted, including the number of mentioned persons and locations, the presence of
the target entities, the number of additional entities, and the co-occurrence patterns between persons
and locations. Likewise, linguistic and temporal cues are identified, such as motion verbs, reporting
expressions, spatial prepositions, past and present markers, the occurrence of both entities within the
same sentence, and the textual distance between their mentions. These features are represented through
binary variables, normalized counts, and discretized attributes, depending on their nature, allowing the
explicit representation of the temporal and contextual structure of the historical document. [15][16]

Furthermore, the extracted features are integrated into a feature vector that is subsequently fused
with the contextualized representations generated by XLM-RoBERTa within the Temporal Transformer
module. In this way, the model combines contextual information learned through deep representations
with explicit linguistic knowledge derived from the entities and the historical context, promoting a more
informative representation for the classification of temporal relations between persons and locations.

4.4. Optuna Hyperparameter Optimization

During the Hyperparameter optimization process, we employed Optuna with Bayesian optimization
based on the Tree-structured Parzen Estimator (TPE). The optimization process explored different
configurations related to learning rate, dropout, weight decay, maximum sequence length, balancing
coefficients, and positive class weights. In addition, we incorporated the MedianPruner strategy to
eliminate unpromising trials during training, reducing computational cost and improving convergence
efficiency. This process enabled the acquisition of more stable and generalizable configurations for the
multilingual multitask architecture.

4.5. Temporal Transformer

The proposed architecture incorporates a refinement module called the Temporal Transformer on top
of the multilingual encoder XLM-RoBERTa-base [17], with the aim of strengthening the modeling of
temporal relations between person and location entities in multilingual historical documents. Initially,
XLM-RoBERTa generates contextualized representations for each token in the document. Based on
these representations and the document content itself, a specific temporal representation is constructed
for each candidate Person–Location pair using the document date, the header, the dateline, and a
context window containing both entities. From this evidence, temporal and contextual features related



to past and present markers, movement and reporting verbs, spatial relations between entities, textual
distance between mentions, sentence-level co-occurrence, and features obtained through named entity
recognition are automatically extracted, allowing the historical context associated with each relation to
be represented explicitly.

Subsequently, this temporal information is integrated with the representations generated by XLM-
RoBERTa through the application of Temporal Positional Encoding. Rather than relying solely on
conventional positional information, the module incorporates temporal representations that enrich the
contextualized sequence according to the temporal features extracted from the document. In this way,
the representation of each token not only preserves the linguistic context learned by XLM-RoBERTa
but also incorporates information related to the chronology and temporal structure of the document,
enabling more precise discrimination between relations corresponding to past events, contemporary
events, and historical references present within the same text.

The enriched representations are refined through a Transformer-based layer, which incorporates an
attention mechanism complemented by semantic similarity information between tokens to strengthen
long-range contextual dependencies. This refinement highlights the interactions between words that
describe the same historical relation, even when they appear far apart within the document. The
global representation obtained from the refined sequence is fused with the previously constructed
temporal representation to generate a joint representation used by the at and isAt classification tasks.
This strategy combines the multilingual contextual knowledge learned by XLM-RoBERTa with explicit
temporal information derived from the document, promoting more accurate temporal reasoning over
historical relations between people and locations.

4.6. Evaluation Metrics

The evaluation criteria defined in HIPE-2026 are: the Accuracy Profile, the Generalization Profile, which
used unseen surprise data in French, and the Accuracy Profile, which assessed the balance between
classification performance, computational cost, model size, and inference time. Furthermore, in the
experimental design, we used Accuracy as the primary evaluation metric due to its ability to assess the
performance of the at and isAt tasks while mitigating the impact of class imbalance.

5. Experiments Conducted and Training

The experimental design was structured through an incremental analysis of the proposed architecture
evaluate the individual contribution of each component incorporated into the system. In all experiments,
the same multilingual model, XLM-RoBERTa-base, was used as the foundation to ensure a comparison
among configurations. The first configuration corresponded to the baseline model, which included the
fundamental preprocessing, regularization, and balancing defined in the architecture. Subsequently,
we incorporated the NER-based feature extraction module, the Optuna hyperparameter optimization
process, and finally the Temporal Transformer refinement module.

Table 1 shows the performance of 0.3611 for the at task, 0.5002 for isAt, and a macro average of 0.4307.
These values reflect the difficulty of the task, particularly for the at relation, which presents a more
complex multiclass structure considering the labels TRUE, FALSE, and PROBABLE. After incorporating
NER features, performance increased to 0.4003 for at and 0.5981 for isAt, yielding a macro average of
0.4992. This improvement demonstrates that named entity-based information contributed significantly
to the recognition of person-location relations, especially in the binary isAt task.

The incorporation of Optuna primarily improved the performance of the at task, increasing from
0.4003 to 0.4415, while the isAt task showed a slight decrease, from 0.5981 to 0.5937. However, the macro
average increased from 0.4992 to 0.5176, indicating that hyperparameter optimization favored a more
balanced configuration between both tasks. This behavior suggests that Optuna enabled adjustment
to sensitive training parameters, such as the learning rate, dropout, regularization weight, maximum
sequence length, and class imbalance. Furthermore, to ensure the reproducibility of the training process,
the final hyperparameters automatically selected by Optuna after exploring the predefined search



space were used. The best configuration corresponded to a maximum sequence length of 384 tokens, a
learning rate of 1.24× 10−5 for the XLM-RoBERTa encoder, and 7.51× 10−5 for the classification and
temporal refinement layers. These hyperparameters were used during the final training of the model
and enabled a more balanced configuration between the at and isAt tasks, improving the stability of
the learning process and the overall performance of the system.

The complete configuration, composed of the baseline model, NER, Optuna, and Temporal Trans-
former, achieved the best overall results, with 0.4690 for at, 0.6381 for isAt, and a macro average of
0.5535. This result shows that the Temporal Transformer provided an additional improvement by
incorporating temporal and contextual information regarding the relationships between persons and
locations. Compared to the baseline model, the complete architecture increased the macro average from
0.4307 to 0.5535, representing an absolute improvement of 0.1228. This confirms that the combination
of linguistic features, automatic optimization, and temporal refinement enabled the construction of a
more robust representation for temporal relation extraction in multilingual historical documents.

Additionally, Table 2 compares two balancing strategies using the same complete architecture, the
model XLM-RoBERTa-base with NER, Optuna, and Temporal Transformer. The first strategy combined
WeightedRandomSampler with class weights, whereas the second strategy used only class weights within
the loss functions. With the combined strategy, scores of 0.4690 for at, 0.6381 for isAt were obtained
with a macro average of 0.5535. In contrast, when the model used class weights, the performance for at
increased to 0.5034, but that for isAt decreased to 0.5748, resulting in a macro average of 0.5391.

These results show that the exclusive use of class weights favored the at task, because it allowed
a better adjustment of the contribution of each class within the loss function without modifying the
sampling distribution during training. Nevertheless, the combination of WeightedRandomSampler and
class weights produced better overall performance, especially for the isAt task, where it achieved 0.6381.
Since the macro average was higher with the combined strategy, this configuration was selected as
the final system setup. The results demonstrate that balancing does not affect both tasks in the same
way: while at benefits more from the exclusive use of class weights, isAt achieves better results when
weighted resampling is combined with weighting in the loss function.

The obtained results demonstrate that the progressive incorporation of specialized components
improved the system’s ability to model complex temporal relations in multilingual historical documents.
In particular, the observed improvement in the isAt relation in the model was able to more accurately
capture contextual signals associated with immediate temporality, such as reporting expressions, nearby
geographical references, and linguistic constructions dependent on the documentary context. This
is especially relevant in historical scenarios, where relationships between persons and places are not
always explicitly formulated and often require temporal and semantic inferences from textual structures
affected by OCR noise and historical linguistic variation. In this sense, the combined use of multilingual
contextual representations, temporal cues, and semantic refinement mechanisms strengthened the
system’s generalization capability across multiple languages and document types.

Table 1
Effect of NER, Optuna, and Temporal Transformer on model performance evaluated on the training
data.

Configuration Accuracy Profile (AT) Accuracy Profile (isAt) Macro Average

Baseline Model 0.3611 0.5002 0.4307
Baseline + NER 0.4003 0.5981 0.4992
Baseline + NER + Optuna 0.4415 0.5937 0.5176
Baseline + NER + Optuna + Temporal
Transformer

0.4690 0.6381 0.5535



Table 2
Comparison of balancing strategies evaluated on the training data using the full proposed architecture.

Balancing Strategy Accuracy Profile (AT) Accuracy Profile (isAt) Macro Average

WeightedRandomSampler + Class Weights 0.4690 0.6381 0.5535
Class Weights Only 0.5034 0.5748 0.5391

6. Results

The official results show the performance of the proposed system on the test sets provided by the
organizers. For the final evaluation, two official runs were submitted using test data with 19 instances of
multilingual historical documents. Both configurations used the same base architecture, XLM-RoBERTa-
base; however, one run incorporated the Temporal Transformer module, while the other used only
the multitask architecture without additional temporal refinement. As shown in Table 3, the best
configuration corresponded to the model integrating the temporal module, achieving a Precision Profile
Score of 0.4842 and a Generalization Profile Score of 0.3726, consistently outperforming the configuration
without temporal refinement.

In Table 3 show that incorporating the Temporal Transformer significantly improved the system’s
generalization to previously unseen historical documents. The improvement in the generalization profile
is that temporal refinement mechanisms enabled the capture of more robust contextual dependencies
related to implicit and explicit temporal references in historical texts. This behavior is particularly
relevant given the complexity of the HIPE-2026 scenario, where person-location relations require
distinguishing between past historical associations and locations in the immediate temporal context of
the document. Likewise, the increase in the precision profile demonstrates that integrating temporal
and semantic information reduced the contextual ambiguities present in documents affected by OCR
noise, heterogeneous structures, and historical language variations.

On the other hand, the results from the efficiency profile show that the system maintained a competi-
tive balance between performance and computational cost by using a relatively compact architecture
compared to larger-scale models. Despite employing a model with approximately 355 million parameters
and a size of approximately 1424 MB, the system achieved competitive results through by integrating
multiple complementary strategies, including named entity recognition, hyperparameter optimization
with Optuna, class balancing, and contextual temporal refinement. These results demonstrate that
model size alone does not determine final performance; rather, it is the ability to integrate specialized
mechanisms for temporal and semantic reasoning that determines final performance.

Additionally, the experiments show that the combination of linguistic, temporal, and contextual
techniques improved the performance of the multilingual model without the need for excessively large
architectures or high-computational-cost foundational models. This demonstrates that moderate-sized
architectures, when complemented with specialized modules and appropriate optimization strategies,
can achieve solid results in complex multilingual historical relation extraction tasks. In this sense, the
proposed approach demonstrates the potential of combining multilingual Transformers with lightweight
temporal mechanisms to address historical and spatial reasoning problems within the context of digital
humanities and historical knowledge extraction.

In this sense, the experiments reveal a difference in behavior between the at and isAt relations. While
the at task exhibited a more complex behavior due to the presence of the intermediate PROBABLE class,
the isAt task showed greater sensitivity to the immediate temporal signals incorporated by the model.
This demonstrates that both relations require different levels of contextual and temporal reasoning.
The identification of historical relations involves more ambiguous semantic inferences that are highly
dependent on narrative context. In contrast, relations in the immediate context of the document are
usually supported by more explicit linguistic cues. This difference explains why certain architectural
and balancing strategies impacted the performance of each task differently.

Likewise, the results show that the progressive incorporation of techniques led to cumulative im-



provements within the system. The NER module strengthened the semantic representation of relevant
entities, Optuna stabilized sensitive training configurations, and the Temporal Transformer improved
the modeling of complex temporal dependencies. Finally, the experiments also highlight the importance
of considering temporality as an explicit component within historical relation extraction systems. In
many cases, the mere co-occurrence of a person and a location within the text does not guarantee the
existence of a valid temporal relation. For this reason, incorporating mechanisms that model temporal
dependencies and contextual signals helps reduce erroneous associations derived solely from textual
co-occurrence. From this perspective, the proposed approach provides evidence for the need to integrate
temporal and contextual reasoning into tasks for the automatic construction of historical knowledge
from digitized multilingual documents.

Table 3
HIPE-2026 validation data results obtained for the Precision and Generalization Profiles.

Run Accuracy Profile Generalization Profile

VerbaNexAI I – Run 1 0.4628 0.3346
VerbaNexAI I – Run 2 0.4842 0.3726

Table 4
Efficiency-oriented evaluation on the HIPE-2026 validation data.

Run Efficiency Rank Score Accuracy Score Parameter Count Model Size

VerbaNexAI I – Run 1 18.0000 0.4628 355,000,000 1424 MB
VerbaNexAI I – Run 2 15.6667 0.4842 355,000,000 1424 MB

On the other hand, the results obtained by the best system configuration, corresponding to VerbaNexAI
I – Run 2, are presented for each of the languages evaluated on the validation set. This configuration
achieved the best overall system performance and ranked 29th among the 46 official participating
submissions in the Accuracy Profile. As shown in Table 5, the best performance was obtained on the
German documents, achieving an Impresso Profile Score of 0.5071. English ranked second with a score
of 0.4808, while French obtained the lowest value of 0.4648. Although differences exist among the
three languages, the results show a relatively consistent behavior of the model, demonstrating the
ability of the architecture to generalize across multilingual historical documents with different linguistic
characteristics.

Likewise, Table 6 presents the evaluation corresponding to the Efficiency Profile. The results show
that the system maintained stable behavior across the three evaluated languages, obtaining a Mean
Efficiency Profile Rank of 15.6667 for German, 17.0000 for English, and 16.6667 for French. Consistent
with the Accuracy Profile results, German achieved the best Mean Impresso Profile Score of 0.5071,
followed by English with 0.4808 and French with 0.4648. These results demonstrate that the proposed
architecture achieved an appropriate balance between predictive performance and computational
efficiency, showing that the incorporation of specialized modules, such as NER-based feature extraction
and temporal refinement, improves the model’s historical reasoning capability without significantly
increasing its complexity.

Table 5
Language-specific Accuracy Profile evaluation results of VerbaNexAI I on the validation data.

Language Impresso Profile Score At Macro Recall At Accuracy IsAt Macro Recall IsAt Accuracy

German 0.5071 0.4220 0.4496 0.5923 0.6555
English 0.4808 0.3700 0.4506 0.5916 0.6173
French 0.4648 0.4332 0.5617 0.4965 0.6610



Table 6
Language-specific Efficiency Profile evaluation results of VerbaNexAI I on the validation data.

Language Mean Efficiency Profile Rank Rank Impresso Profile Score Mean Impresso Profile Score

German 15.6667 26 0.5071
English 17.0000 28 0.4808
French 16.6667 29 0.4648

7. Conclusion

This work presented a multilingual multitask architecture for person-place temporal relation extrac-
tion within the context of the HIPE-2026 shared task. The proposed approach integrated contextual
representations based on XLM-RoBERTa-base, features derived from Named Entity Recognition (NER),
hyperparameter optimization with Optuna, balancing strategies, and a lightweight Temporal Trans-
former module for temporal and semantic refinement. The results demonstrated that the progressive
incorporation of these components significantly improved system performance on the at and isAt
tasks, particularly in scenarios requiring contextual and temporal reasoning over multilingual historical
documents affected by OCR noise and linguistic variability.

The experimental analysis evidenced that temporal refinement mechanisms contributed positively to
both the precision and generalization capability of the system, particularly in the isAt relation, where
the immediate temporal context plays a fundamental role. Likewise, the experiments showed that
balancing strategies affect each task differently, confirming the importance of combining weighted
sampling techniques and class weights in multitask temporal relation extraction scenarios.

Additionally, all experimental configurations evaluated in this work were trained for 10 epochs,
maintaining homogeneous training conditions to compare the different architectural variants and to
balance strategies properly. This configuration enabled consistent analysis of the progressive contribu-
tions of NER, Optuna, temporal refinement, and balancing mechanisms to overall system performance.
The proposed approach demonstrates the potential of integrating multilingual Transformers with
lightweight temporal reasoning mechanisms to address complex historical relation extraction tasks
within the context of digital humanities and historical knowledge graph construction.

Furthermore, the official competition results showed strong performance by the VerbaNexAI I team
in the HIPE-2026 scenario. In the official precision profile, the best system run achieved position 29 out
of 46 official submissions, while in the generalization profile, it obtained position 36. Likewise, in the
combined precision and efficiency profile, VerbaNexAI I – Run 2 ranked 9th, standing out for maintain-
ing a competitive balance between performance and computational cost while using a considerably
smaller architecture than several higher-ranked models. These results show that integrating different
mechanisms enabled the development of an efficient and robust system for large-scale architectures
containing billions of parameters. As future work, it would be relevant to explore larger-scale multilin-
gual architectures and retrieval-based approaches. Likewise, incorporating document-level temporal
reasoning mechanisms and implementing additional techniques could improve the identification of
implicit person-place relations in complex multilingual historical collections.
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