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Abstract

Relation extraction is an important task for structuring information from unstructured text.
However, the Romanian language still lacks dedicated datasets and benchmarks for this
task. To address this gap, we introduce RoRED, a Romanian relation extraction dataset built
by combining two complementary data construction strategies: translating existing high-
quality English resources and applying distant supervision to native Romanian Wikipedia
data. We leverage a powerful open-source large language model to automatically translate
English examples into Romanian. For the native subset, we align Romanian Wikipedia
entities with Wikidata relations to obtain naturally occurring Romanian examples. To
better reflect real-world relation extraction scenarios, we also introduce synthetic negative
examples generated using existing Romanian named entity recognition models. Finally,
we validate the dataset by fine-tuning and evaluating multiple baseline models. Our
strongest model, LUKE-RoRED, achieves a macro-F1 score of 0.8744 on the RoRED test
set, demonstrating that the dataset can support relation extraction for Romanian. Overall,
RoRED provides a strong first native benchmark for Romanian relation extraction.

Keywords: relation extraction; Romanian NLP; low-resource languages; dataset construction;
distant supervision; machine translation

1. Introduction
Information extraction is one of the primary goals of natural language processing.

Organizations have accumulated large amounts of data in natural language form and seek
to process this information for various purposes, such as better understanding its structure,
discovering new insights, and reorganizing content to enable faster search and retrieval.
A crucial step in this process is identifying relations between entities mentioned in the text.

With the rise of generative large language models, the need for data mining techniques
such as retrieval-augmented generation systems has emerged to overcome the limitations of
LLM context windows. Relation extraction, together with named entity recognition, forms
the foundation of more advanced RAG architectures, such as GraphRAG [1]. Consequently,
further research in relation extraction remains important, as the task continues to play a
significant role in modern NLP systems.

Relation extraction, as defined in TACRED [2], consists of predicting the relation
between two entities in a sentence from a fixed set of predefined relations. There is a
significant amount of resources for relation extraction, but they are primarily focused on
English, where resources are abundant. Datasets such as NYT [3], TACRED [2], FewRel [4,5]
or DocRED [6] power the development of the next generation of relation extraction models
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in English. At present, there is no dataset designed to support relation extraction research
in Romanian.

To bridge this gap, we introduce RoRED, a Romanian relation extraction dataset
built from two sources: a machine-translated version of the open-source English dataset
FewRel and a native Romanian dataset constructed from Wikipedia relations following the
methodology proposed by FewRel, therefore capturing Romanian cultural details.

We explored multiple model architectures for training a Romanian relation extraction
model. We identified LUKE [7,8], which introduces entity-aware embeddings, as a strong
baseline. We also explored more recent large language models trained on larger corpora to
test the assumption that increased training data improves the ability to understand and
perform Romanian language tasks. Finally, we provide two baseline models for Romanian
relation extraction, LUKE-RoRED and Qwen-RoRED, and evaluate them through a detailed
analysis of their results.

Our main contributions are:

• We introduce the RoRED dataset (https://huggingface.co/datasets/andreidima/
RoRED-v1, accessed on 2 June 2026), the first relation extraction corpus for Romanian
that includes native Romanian samples.

• We demonstrate the usability of the dataset by providing two baseline models for
Romanian relation extraction: LUKE-RoRED (https://huggingface.co/andreidima/
mluke-large-relation-extraction-romanian, accessed on 2 June 2026) and Qwen-
RoRED.

• We extensively evaluate the models and show that, with the help of generative AI,
existing NLP resources can be extended to low-resource languages.

The rest of the paper is organized as follows. Section 2 reviews related work on relation
extraction datasets and models. Section 3 describes the construction of the RoRED dataset,
including data sources, processing, and filtering steps. Section 4 presents the baseline
models and experimental setup, followed by the results and analysis. Finally, Section 5
concludes the paper and outlines directions for future work.

2. Related Work
Relation Extraction is a continuously evolving task, with datasets differing along

several key directions. These include the set of relation labels, ranging from broad categories
to highly fine-grained relation labels, as well as language coverage, with some datasets
focusing primarily on English, others on low resource languages [9], and some designed to
be multilingual [10]. Datasets also vary in domain, spanning from open domain settings
to highly specialized domains [9,11], and in context size, from single sentences to full
documents, as in DocRED [6]. Additionally, datasets differ in their intended use. Some
are designed for large-scale supervised training, such as TACRED [2], while others target
few-shot learning scenarios, such as FewRel [4,5]. There are also datasets commonly used
for evaluation and comparison purposes, such as RELX [12].

A clear trend in the field is the expansion of relation label inventories, together with a
shift toward more granular and schema-driven relations. Early benchmarks such as CoNLL-
2004 [13] defined only five core relation types: Located-In, Work-For, OrgBased-In, Live-In,
and Kill. The dataset consists of sentences extracted from English news articles. The NYT
dataset later expanded this inventory substantially through distant supervision, and the
commonly used NYT10 [3] version has 52 Freebase-derived relations plus an NA label.
Example relations from the NYT dataset include nationality, contains, and place_of_birth.
TACRED defines 41 TAC-KBP canonical relation types, together with a no_relation label, in-
cluding relations such as per:schools_attended and org:members. Finally, FewRel expanded
the space to 100 relations, constructed from Wikipedia sentences aligned to Wikidata and
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then filtered by crowdworkers. Its label set is significantly more fine-grained, including
relations such as “member of sports team” or “place served by transport hub”.

There have also been significant efforts to expand relation extraction resources be-
yond English. Many recent datasets adopt a multilingual perspective, while models built
on top of them aim to address limited data availability through cross-lingual transfer
learning. For instance, ACE 2005 [10] includes Chinese and Arabic in addition to English.
More recently, MultiTACRED (2023) [14] extends TACRED to 12 languages, including
English, Arabic, German, Spanish, French, Finnish, Hindi, Hungarian, Japanese, Polish,
Russian, Turkish, and Chinese, with approximately 106K translated sentences per language.
Similarly, RELX [12], introduced in 2020, provides a cross-lingual relation classification
benchmark covering English, French, German, Spanish, and Turkish. REDFM [15] is another
multilingual resource for relation extraction. It is built from Wikipedia and Wikidata and
introduces two resources: REDFM, a human-revised dataset covering 32 relation types
and seven languages, and SREDFM, a larger silver-standard dataset covering 18 languages,
400 relation types, 13 entity types, and more than 40 million triplet instances.

Romanian is represented in MULTI-CROSSRE [16], a multilingual and multi-domain
relation extraction dataset obtained by machine-translating the English CrossRE dataset [17]
into 26 additional languages. The Romanian portion is therefore a translated subset.
In contrast, RoRED is designed specifically for Romanian and adds native Romanian
Wikipedia examples obtained through distant supervision.

With respect to algorithms, existing work ranges from cross-lingual approaches, which
adapt the input representation while keeping the same English-trained model [18], to mul-
tilingual versions of validated English architectures. One such model is mLUKE, the multi-
lingual version of LUKE [7], which uses entity-aware self-attention and is therefore suitable
for relation extraction, where the model must reason over a marked pair of entities. Another
relevant model is mREBEL [15,19], a multilingual version of REBEL that addresses relation
extraction as a sequence-to-sequence task, generating relational triplets directly from the
input text.

3. RoRED Dataset
To build a Romanian relation extraction dataset, we selected FewRel [4,5] as the source

resource for adaptation into Romanian. Our choice was motivated by its high quality, large
number of instances, broad relation coverage, and permissive license, in contrast to datasets
such as TACRED [2]. Beyond simple translation, FewRel also provides a methodology
for generating new examples. We leveraged the authors’ approach to create additional
samples from Romanian Wikipedia, thereby grounding the dataset in authentic Romanian
text, entities, and facts, and incorporating a stronger cultural component.

RoRED samples follow the same structure as FewRel. FewRel samples contain the
following fields: relation, tokens, head, tail, and names. The fields relation and names
contain information about the relation represented in the dataset sample: the former stores
the Wikidata property ID of the relation, while the latter contains two strings, a short
description of the relation and a full definition, both retrieved from Wikidata. The text is
already tokenized and stored in the tokens field, which is later referenced by the relation
components. The fields head and tail describe the subject and object entities of the relation,
respectively. Both fields share the same structure, with the following sub-components: text,
a lowercased substring representing the entity mention; type, the corresponding Wikidata
entity ID; and indices, a list of token span indices mapped to the entity.

In addition, each RoRED example contains a source field. This field indicates whether
the example comes from the translated FewRel subset, the native Romanian Wikipedia
subset, or the synthetically generated negative subset. We keep this information explicitly
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in the dataset to support source-level analysis, enable controlled experiments on translated
versus native data, and facilitate future research that may rely on one source or another.

3.1. Adapting FewRel to Romanian

As discussed in the related work section of this paper, powerful large language
models have demonstrated strong capabilities for dataset creation and enhancement, being
particularly proficient in translation tasks. Our infrastructure allowed us to use gpt-
oss:120b [20] to automatically translate the FewRel samples from English into Romanian.
The model was hosted on an Ollama (https://ollama.com/) server running on a machine
equipped with NVIDIA A100 80 GB GPUs. The translation was performed sequentially,
and the entire process took approximately 350 h.

The main challenge in translating a relation extraction dataset is preserving the relation
annotations after translation, meaning being able to recompute the new indices of the
entities in the translated text. We tested two approaches: marker-based translation and
metadata-based translation, as shown in Table 1.

Table 1. Prompt approaches for preserving entity annotations.

Approach Sample Added in Prompt

Marker-based Radiant Baby is a musical about <head>Keith Haring</head>, who
was an artist and social activist in <tail>New York City</tail>.

Metadata-based
{“text”: “Radiant Baby is a musical about Keith Haring, who was an
artist and social activist in New York City.”, “head”: “Keith Haring”,
“tail”: “New York City”}

In the marker-based translation, we inserted head and tail markers around the cor-
responding entities in the source text and instructed the model to keep these markers in
the translation. In the metadata-based translation, we created a JSON object containing
the text and appended auxiliary information about the entities in separate fields next to
the sentence to be translated, and requested the model to update those fields with the
corresponding entities from the translated text.

We conducted a preliminary evaluation of both prompt formats on 100 examples and
found that the marker-based format outperforms the metadata-based one. We observed
that the metadata-based approach tends to preserve entities in their original language,
even when Romanian translations are available. Additionally, in some cases, the generated
entities could not be reliably matched to the text using simple string-based methods. Since
the marker-based format produced fewer errors overall, we selected it for translating
the dataset.

With regard to prompting techniques, we employed a one-shot approach to increase
the likelihood of obtaining correct answers from the LLM. Since GPT-OSS is an instruction-
tuned model, we used the chat format. The final prompt consisted of: (1) a system prompt
containing Romanian instructions for translating the text and returning the relation anno-
tations; (2) an example user prompt with an English sample with head and tail markers
extracted from the dataset; (3) an example assistant response with the correctly translated
text from step 2; and (4) a user prompt with the dataset sample to be processed by the
model. Prompts are available in Appendix A.1.

After retrieving the model’s answer, we programmatically constructed samples that
follow the FewRel format. We split the translated text into tokens and then identify and
compute the corresponding indices for the two entities. We keep the relation type, relation
descriptions, and entity types from the original sample.
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3.2. Distant Supervision from Romanian Wikipedia

We constructed the raw Romanian Wikipedia relation extraction dataset by aligning
Romanian Wikipedia mentions with Wikidata entities and then projecting Wikidata rela-
tions onto co-occurring entity mentions. We used the Romanian Wikipedia articles dump
dated 1 January 2026, which was the latest available Romanian Wikipedia articles dump at
the time of collection. First, we downloaded the Romanian Wikipedia article dump together
with the Romanian Wikipedia page properties dump and the Wikidata truthy relations
dump. The truthy dump provides a simplified view of Wikidata that retains the best-ranked
non-deprecated statements for each item–property pair, making it suitable for extracting
high-confidence entity–relation–entity triples. This allowed us to extract high-confidence
(subject, property, object) triples and project them onto co-occurring Wikidata-linked entity
mentions in Romanian Wikipedia sentences.

We used the page properties dump to align Romanian Wikipedia pages and titles with
Wikidata QIDs. We then parsed the article dump, resolved internal links to Wikidata entities,
segmented and tokenized the text with the Romanian Stanza [21] pipeline, and retained
sentences containing at least two resolved entity mentions. For each sentence, we generated
all ordered mention pairs and searched the Wikidata relations for matching triples. Each
matching property yielded one labeled relation extraction instance, resulting in more than
270,000 automatically labeled examples.

3.3. Post-Processing and Filtering

We applied a supplementary step to check whether the relation could be inferred
from the context in the Romanian Wikipedia subset. For each candidate example, we
reconstructed the sentence from the token sequence and provided the sentence, head entity,
tail entity, and relation name to the self-hosted LLM. The model was prompted to decide
whether the relation between the two entities could be inferred from the sentence and
to answer strictly with Yes or No. The prompt used is available in Appendix A.2. We
retained only examples for which the relation was marked as inferable, while all others
were removed from the final dataset. This filtering step was intended to reduce cases
where two entities are related in Wikidata, but the relation is not explicitly expressed in the
Romanian sentence.

The raw Romanian Wikipedia dataset required an additional cleaning stage because
the automatic extraction process sometimes preserved residual Wikipedia markup. The raw
texts were parsed using mwparserfromhell (mwparserfromhell which is a Python parser
for MediaWiki markup: https://github.com/earwig/mwparserfromhell, accessed on 2
June 2026), and most wiki templates were successfully discarded. We also applied a set of
fixed rules to remove leftover wiki artifacts, such as residual image/file syntax, category
lines, bullet markers, and empty parentheses. After cleaning, the text was retokenized,
and the head and tail entity indices were recomputed by matching the entity text against the
cleaned token sequence. Rather than remapping indices after each individual cleaning step,
we realigned the entity mentions in the final cleaned sequence. Examples were discarded
if they contained non-article or noisy markers, had fewer than 5 or more than 80 tokens,
retained leftover markup, or if either the head or tail entity could no longer be found
after cleaning.

To prevent highly frequent relations from disproportionately influencing the training
process, we applied undersampling after merging the cleaned Romanian Wikipedia exam-
ples with the translated FewRel examples. Specifically, we removed relations with fewer
than 50 samples and capped each remaining relation at a maximum of 1400 examples. This
threshold was chosen because the translated FewRel subset contains up to 700 examples
per relation; therefore, a cap of 1400 allows us to preserve as many examples as possible
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while still allowing both sources to contribute equally to the same relation. When a relation
appeared in both sources, we split the sample allocation equally between them whenever
possible. If one source contained fewer than 700 examples, the remaining allocation was
assigned to the other source.

3.4. Negative Sample Generation

To make the dataset more suitable for training a real-world relation extraction model,
we synthetically added negative examples labeled as no_relation. In practical settings, not
every pair of entities appearing in the same sentence expresses one of the target relations.
Therefore, the model must learn not only to classify known relation types, but also to
recognize cases where no relevant relation is expressed between two entity mentions.

Negative samples were generated automatically from the processed positive dataset.
We set the number of generated negative examples equal to the number of positive ex-
amples, aiming for a balanced 1:1 distribution between positive and negative instances.
For each negative example, a source sentence was selected randomly, with replacement.
The sentence was reconstructed from its token sequence and processed with the Roma-
nian spaCy [22] model ro_core_news_lg (https://spacy.io/models/ro#ro_core_news_lg,
accessed on 11 June 2026) to identify named entity mentions. The detected entities were
then matched back to the original tokenized sentence in order to obtain token-level spans
compatible with the existing dataset format. For each selected sentence, two distinct and
non-overlapping entity mentions were chosen from the detected mentions. Whenever
possible, we excluded the original head and tail entities from the candidate pool, reducing
the likelihood of reusing the annotated positive relation pair. The resulting entity pair was
stored using the same structure as the positive examples, but with the relation label set to
no_relation. Because source sentences were sampled with replacement and no explicit dedu-
plication was applied, the same sentence or entity pair may occur in multiple generated
negative examples.

3.5. Dataset Statistics

We present the main statistics of the RoRED dataset from three perspectives: split-level
composition, source distribution, and relation coverage. This organization facilitates the
identification of potential biases in the dataset.

Table 2 presents the overall composition of the dataset across the train and test splits,
grouped by source. RoRED contains 146,190 examples in total, split into 116,918 training ex-
amples and 29,272 test examples. The dataset includes 101 positive Wikidata relations and
one additional no_relation label. Overall, it is exactly balanced between 73,095 positive
examples and 73,095 synthetic negative examples. In the training split, there are 58,442 pos-
itive examples and 58,476 negative examples, while the test split contains 14,653 positive
examples and 14,619 negative examples. The mean sentence length is 27.46 tokens in the
train split and 27.44 tokens in the test split, suggesting that the random split does not
introduce a noticeable distribution shift.

Table 2. Source distribution across train and test splits.

Source
Train Test Total

Examples % Examples % Examples %

ro_wikipedia 13,687 11.71 3431 11.72 17,118 11.71
translated 44,755 38.28 11,222 38.34 55,977 38.29
synthetic_negative 58,476 50.01 14,619 49.94 73,095 50.00

Total 116,918 100.00 29,272 100.00 146,190 100.00

https://doi.org/10.3390/ai7060225

https://spacy.io/models/ro#ro_core_news_lg
https://doi.org/10.3390/ai7060225


AI 2026, 7, 225 7 of 17

We further group examples by their source: translated FewRel examples, Romanian
Wikipedia examples, and synthetic negative examples. The positive examples come from
two sources: 55,977 translated FewRel examples and 17,118 native Romanian Wikipedia
examples. The relative contribution of each source is nearly identical in the train and test
splits, showing that evaluation is not biased toward a different source composition than
the one observed during training.

The positive examples are distributed over 101 relation labels, for a total of 73,095 pos-
itive instances. Although all positive relations are represented in both train and test, their
frequency is not uniform: the smallest relation contains 51 examples, while the largest
reaches the undersampling cap of 1400 examples. On average, each relation contains
723.71 examples. Table 3 shows the positive relation coverage separately for each source.
The translated subset largely preserves the structure of FewRel with 80 relations, where
each relation is represented by up to 700 examples. The small deviations from this upper
bound are caused by examples removed during translation validation and filtering. This
explains the high median support of the translated subset. In contrast, the ro_wikipedia
subset is collected from naturally occurring Romanian text and is therefore less uniform. It
covers more relation types, but the number of examples per relation varies substantially.

Table 3. Relation coverage by source.

Source Relations Examples Max/Rel. Mean/Rel. Median/Rel.

ro_wikipedia 89 17,118 1400 192.34 85.00
translated 80 55,977 700 699.71 700.00

Table 4 lists the 20 most frequent relations in RoRED, sorted by the number of examples.
The most frequent relations are dominated by geographic, administrative, compositional,
sequential, type/class, biographical, creative, and organizational relations, which are
common in Wikidata-derived data.

Table 4. Top 20 relations by number of examples.

Relation Examples Label

P150 1400 contains administrative territorial entity
P131 1400 located in the administrative territorial entity
P17 1400 country
P6885 1400 historical region
P155 1400 follows
P156 1400 followed by
P361 1400 part of
P527 1209 has part
P276 1190 location
P31 1184 instance of
P706 1181 located on terrain feature
P206 1153 located in or next to body of water
P1001 1035 applies to jurisdiction
P800 961 notable work
P26 931 spouse
P3373 916 sibling
P40 889 child
P27 875 country of citizenship
P159 854 headquarters location
P463 843 member of
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The relation overlap between sources is shown in Figure 1. The two positive sources
share 68 relations, while each source also contributes relations that are not present in the
other: 21 relations appear only in ro_wikipedia, and 12 appear only in the translated
subset. Romanian Wikipedia adds new relations to the FewRel dataset, bringing the total
positive relation coverage to 101. Figure 2 shows the distribution of positive examples
across relation labels, with bars stacked by source. The highest-frequency relations reach
the undersampling limit of 1400 examples, and several of them combine examples from
both ro_wikipedia and the translated subset. A large middle segment is dominated
by translated examples, reflecting the balanced structure inherited from FewRel, where
relations are represented by up to 700 examples. In contrast, the lower-frequency tail is
mostly composed of ro_wikipedia relations, showing that the native Romanian source
contributes additional relation types but with more variable support. Overall, the figure
highlights the complementary role of the two positive sources: translated data provides
dense and stable supervision, while Romanian Wikipedia increases relation diversity and
adds naturally occurring Romanian contexts.

Figure 1. Relation overlap between the data sources.
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Figure 2. Sample distribution across relations.

We further report token-level statistics in Tables 5 and 6. The Romanian Wikipedia
examples are slightly longer on average than the translated examples, while synthetic
negatives remain close to the global average, expected since they were generated from the
combined dataset. Entity spans are short, with heads and tails usually consisting of one or
two tokens.

Table 5. Sentence length by source.

Source Examples Mean Tokens Median Tokens

ro_wikipedia 17,118 31.48 29.00
translated 55,977 25.97 26.00
synthetic_negative 73,095 27.66 27.00

Table 6. Entity-span length.

Entity Span Mean Tokens Median Tokens

Head entity 1.96 2.00
Tail entity 1.82 1.00

3.6. Dataset Limitations

Since we used automatic translation, the dataset is prone to the usual errors that
occur in such processes. To quantify translation quality, we manually inspected a random
sample of 200 translated examples and illustrate representative cases in Table 7. The most
frequent issue was incomplete translation, observed in 37 examples (18.5%). In many
cases, this involved untranslated entity names even when Romanian equivalents existed,
such as “Petrine Sees” → “Scaune Petrine”. The second-most common issue was word
order, observed in 32 examples (16.0%), which is expected given the syntactic differences
between English and Romanian. The remaining errors consisted of other grammatical
and lexical issues, covering incorrect prepositions, incorrect gender, incorrect verb tense,
and missing articles. These errors accounted for 15 examples (7.5%). None of the errors
we encountered significantly impacted the meaning of the sentences, and, at least in the
examined cases, the relation between the two entities remained intact and could still be
inferred by Romanian native speakers. Therefore, we concluded that the machine-translated
dataset is adequate for training relation extraction models and thus suitable for the purpose
of this paper.
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Table 7. Translation errors.

Error Original Translation Correct Translation

Word order
Dušan Trančík (născut pe 26
noiembrie 1946) este un slovac
regizor de film s, i scenarist.

Dušan Trančík (născut pe 26
noiembrie 1946) este un regizor de
film s, i scenarist slovac.

Missing
definite
article

Pe 20 august 2012, Malenchenko,
împreună cu cosmonaut Gennady
Padalka, a participat la a cincea sa
plimbare spat, ială din carieră.

Pe 20 august 2012, Malenchenko,
împreună cu cosmonautul
Gennady Padalka, a participat la a
cincea sa plimbare spat, ială din
carieră.

Incomplete
translation

Antioch, Alexandria s, i Roma au
fost pretinse ca având o origine
legată de Peter, de unde provine
termenul “ Petrine Sees”.

Antiohia, Alexandria s, i Roma au
fost pretinse ca având o origine
legată de Petru, de unde provine
termenul “Scaune Petrine”.

Bold text indicates the erroneous segments in the original translations and their corrected counterparts.

The Romanian Wikipedia subset can also introduce some limitations. Since it was con-
structed through distant supervision, its quality depends on the accuracy of entity linking
and Wikidata coverage. Errors may arise from ambiguous Wikipedia links, incomplete
or outdated Wikidata statements, or sentences that contain several entities with multiple
plausible relations. Moreover, the relation distribution shows that Romanian Wikipedia
is not uniformly distributed across domains, with geographic, administrative, historical,
and biographical information being better represented than other categories. As a result,
the native subset improves linguistic authenticity, but it may also introduce biases specific
to Romanian Wikipedia.

Since both the translated subset and the native subset are grounded in Wikipedia,
a potential limitation is that the final dataset may contain duplicate samples referring to
the same underlying fact. To quantify this effect, we searched for examples that have the
same relation ID, head entity ID, and tail entity ID, while originating from different subsets.
We found 185 overlapping triples and inspected them manually. These overlaps are not
duplicate contexts, but the same relations between the same entities expressed in different
sentences, so we decided to keep them in the dataset.

Negative examples were generated synthetically using named entities detected by
the Romanian spaCy model. Consequently, the negative class may be biased toward the
entity boundaries and entity types recognized by this particular NER system. Another
limitation is that, since negative examples are automatically created from sentences that
already contain positive relation instances, some generated negative pairs may still express
valid relations. Such cases would be incorrectly labeled as false negatives.

4. Experiments and Results
4.1. Baseline Model

To provide an initial validation of RoRED and establish strong baselines for Romanian
relation extraction, we selected two candidate models for fine-tuning: mLUKE-large [7,8]
and Qwen3-0.6B [23]. Although we considered a broader set of architectures, exhaus-
tively evaluating all alternatives was outside the practical constraints of this study. We
therefore selected two models that we considered representative, architecturally comple-
mentary, and promising for Romanian. We selected mLUKE-large as a non-generative
baseline because LUKE-style models use entity-aware self-attention, which is well aligned
with relation extraction. In contrast, Qwen3-0.6B was selected as a compact instruction-
tuned generative baseline. The Qwen3 family is reported to have strong multilingual and
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instruction-following capabilities, while the 0.6B variant remains small enough for efficient
supervised fine-tuning.

For mLUKE, we used the multilingual checkpoint studio-ousia/mluke-large. Al-
though this checkpoint does not explicitly support Romanian, we selected it to assess
whether its multilingual pretraining and entity-aware architecture could transfer effectively
to Romanian relation extraction. We refer to the resulting model as LUKE-RoRED.

For training LUKE-RoRED, each RoRED example was converted into the input format
required by LUKE. The sentence was reconstructed from the token sequence, while the
head and tail annotations were mapped to character-level entity spans. These spans
were then passed to the LUKE tokenizer, which jointly encodes text tokens and entity
tokens. The model was trained to predict one of the 101 positive relation labels plus the
additional no_relation label. We fine-tuned it for three epochs using a learning rate of
2 × 10−5, weight decay of 0.01, maximum sequence length of 256 tokens, and batch size of
32. The training process took approximately 27 min on an A100 GPU.

We also trained a generative baseline based on Qwen, in order to evaluate whether
a compact instruction-tuned language model can learn the RoRED relation extraction
task. We used unsloth/Qwen3-0.6B, a 600M parameter model, fine-tuned with LoRA for
parameter-efficient supervised fine-tuning. In contrast to LUKE, which treats relation
extraction as entity-pair classification, Qwen was trained in an instruction-following format.
Each example was converted into a chat-style prompt, where the model receives a Romanian
sentence with marked head and tail entities and generates the corresponding relation label.
This format allows the model to learn the task as a constrained label generation problem.
We fine-tuned Qwen for three epochs using a learning rate of 2 × 10−4, weight decay of
0.01, maximum sequence length of 2048 tokens, and batch size of 64. LoRA adapters were
applied to the attention and MLP projection layers, with rank 64, alpha 64, and no dropout.

4.2. Results

We evaluate the proposed baselines on the RoRED test set using accuracy and macro-
F1. Table 8 shows that LUKE-RoRED obtains the best performance on both metrics, with a
noticeable advantage over the Qwen-based generative baseline. The difference is especially
visible in accuracy, suggesting that the entity-aware classification architecture of LUKE-
RoRED is better suited to the current RoRED setup and we therefore decided to use
LUKE-RoRED for the more detailed source-level and relation-level analysis.

Table 8. Overall performance on the RoRED test set.

Model Accuracy Macro-F1

LUKE-RoRED 0.9187 0.8744
Qwen-RoRED 0.8759 0.8454

Table 9 reports LUKE-RoRED performance separately for the two positive sources,
their aggregate, and the negative class. The model obtains similar accuracy on native
Romanian Wikipedia examples and translated examples, with a small advantage on the
native subset. At the aggregate level, positive-only performance remains strong, reaching
0.8843 accuracy and 0.8930 macro-F1. The negative subset is classified with higher accuracy,
showing that LUKE-RoRED can reliably identify many no_relation instances. For positive
subsets, Macro-F1 is calculated on the gold relation labels present in each subset.
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Table 9. LUKE-RoRED performance on positive sources and negative examples in the RoRED test set.

Subset Examples Accuracy Macro-F1

Positive—ro_wikipedia 3431 0.8913 0.8388
Positive—translated 11,222 0.8821 0.8958

Positive—total 14,653 0.8843 0.8930
Negative—no_relation 14,619 0.9533 —

We further analyze the relation-level performance of LUKE-RoRED. Table 10 reports
both the highest- and lowest-scoring relations according to F1. The best-performing rela-
tions include several labels with only moderate support, showing that some relation types
can be learned reliably even with fewer samples. In contrast, the weakest relations include
semantically broad or potentially overlapping labels, such as administrative, geographic,
ownership, and creative-role relations. This indicates that the remaining errors are not
caused only by limited support, but also by relation ambiguity and overlap between related
Wikidata properties.

Table 10. Highest and lowest LUKE-RoRED relation-level results on the RoRED test set, ranked
by F1.

Relation Name Train Test Precision Recall F1

Highest F1 relations
P194 legislative body 88 23 1.0000 1.0000 1.0000
P105 taxon rank 596 149 0.9933 0.9933 0.9933
P413 position played on team / speciality 559 140 0.9929 0.9929 0.9929
P2670 has parts of the class 476 119 1.0000 0.9832 0.9915
P59 constellation 581 146 0.9931 0.9863 0.9897
P102 member of political party 580 146 0.9931 0.9795 0.9862
P2094 competition class 560 140 0.9928 0.9786 0.9856
P1435 heritage designation 560 140 0.9720 0.9929 0.9823
P410 military rank 560 140 0.9720 0.9929 0.9823
P412 voice type 560 140 0.9854 0.9643 0.9747

Lowest F1 relations
P138 named after 82 21 0.7000 0.3333 0.4516
P1366 replaced by 46 12 0.5385 0.5833 0.5600
P58 screenwriter 564 141 0.7258 0.6383 0.6792
P127 owned by 580 145 0.7313 0.6759 0.7025
P36 capital 288 72 0.8333 0.6250 0.7143
P706 located on terrain feature 944 237 0.7004 0.7300 0.7149
P551 residence 565 142 0.7183 0.7183 0.7183
P17 country 1120 280 0.7246 0.7143 0.7194
P131 located in the administrative territorial entity 1120 280 0.7143 0.7321 0.7231
P20 place of death 40 11 0.5789 1.0000 0.7333

Table 11 summarizes the dominant confusion pattern for each of the weakest LUKE-
RoRED relations. For each gold relation, the table reports its test support, the overall error
rate, and the most frequent incorrect prediction together with its share among that relation’s
errors. The errors are not uniformly distributed: in several cases, a single predicted relation
accounts for more than half of all errors. For instance, P58 (screenwriter) is most often
predicted as P1877 (after a work by), while P551 (residence) is frequently confused with
P937 (work location). These cases suggest that the model often identifies the correct broad
semantic domain, but fails to distinguish between finer-grained Wikidata properties. P20
(place of death) is omitted because it has perfect recall, so its lower F1 is caused by false
positives rather than missed gold instances.

https://doi.org/10.3390/ai7060225

https://doi.org/10.3390/ai7060225


AI 2026, 7, 225 13 of 17

Table 11. Main confusion patterns for the lowest-performing LUKE-RoRED relations.

Gold Relation Test Error Rate Main Predicted Relation Share of Errors

P138
named after 21 66.67%

P50
author 64.29%

P1366
replaced by 12 41.67%

P156
followed by 60.00%

P58
screenwriter 141 36.17%

P1877
after a work by 64.71%

P127
owned by 145 32.41%

P137
operator 29.79%

P36
capital 72 37.50%

P1383
contains settlement 70.37%

P706
located on terrain feature 237 27.00% no_relation 25.00%

P551
residence 142 28.17%

P937
work location 60.00%

P17
country 280 28.57%

P131
located in admin. entity 31.25%

P131
located in admin. entity 280 26.79% no_relation 28.00%

Geographic and administrative relations remain an important source of errors. Rela-
tions such as P17 (country), P131 (located in administrative entity), P36 (capital), and P706
(located on terrain feature) are mostly confused with other location-related labels or pre-
dicted as no_relation. This reflects the high semantic overlap between geographic rela-
tions, where the distinction often depends on the specific role of the entity pair rather than
on surface lexical cues alone. The support values also show that some relation-level results
should be interpreted with caution. For example, P1366 has only 12 test examples, so a
small number of errors has a large effect on its score.

Table 12 analyzes the effect of relation frequency on model performance. Relations in
the lowest-frequency bucket, with at most 50 training examples, obtain the lowest Macro-
F1, suggesting that very rare relations are harder for the model to learn reliably. At the
same time, relations with more than 1000 training examples do not return the strongest
performance, with the best Macro-F1 instead observed for the 501–1000 bin, indicating that
relation frequency alone does not fully explain model performance.

Table 12. Effect of relation frequency on model performance.

Training Examples # Relations Macro Precision Macro Recall Macro F1

≤50 3 0.588 0.833 0.684
51–100 4 0.875 0.797 0.820

101–250 5 0.863 0.887 0.872
251–500 7 0.866 0.878 0.868

501–1000 75 0.883 0.895 0.888
>1000 7 0.833 0.833 0.833

We further investigate this trend using correlation-based statistical tests. According to
Spearman correlation, we observe no statistically significant association between training
support and performance. However, Pearson correlation on log-transformed support
reveals weak but significant positive associations with precision (r = 0.285, p = 0.0039) and
F1 (r = 0.255, p = 0.0101), while recall remains non-significant (r = 0.118, p = 0.2412). This
suggests that classes with larger training support tend to achieve slightly higher precision,
making the predictions more reliable and reducing false positives, although additional data
does not necessarily improve recall.
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Overall, the results establish LUKE-RoRED as the strongest baseline on RoRED, while
the competitive Qwen-RoRED scores show that the dataset can also support instruction-
style relation classification. The remaining errors are concentrated in a limited set of relation
types, suggesting that future work should focus on disambiguating closely related Wikidata
properties and improving performance on low-support or semantically broad relations.

5. Conclusions
In this paper, we introduced RoRED, a Romanian relation extraction dataset designed

to support supervised relation classification in a low-resource language setting. The dataset
combines automatically translated FewRel examples with native Romanian examples
extracted from Romanian Wikipedia through distant supervision. This construction strategy
allows RoRED to benefit from the consistent number of samples provided by FewRel, while
also adding naturally occurring Romanian contexts and entities.

We provide an initial validation of the dataset by training two baseline models: LUKE-
RoRED, based on the multilingual LUKE architecture, and Qwen-RoRED, based on an
instruction-tuned generative model. The experimental results show that both models can
learn the proposed task, with LUKE-RoRED achieving the strongest performance and
reaching a macro-F1 score of 0.8744 on the RoRED test set.

Further source-level analysis shows that LUKE-RoRED performs consistently on both
translated and native Romanian examples, suggesting no major source bias. At the same
time, the relation-level analysis highlights that the remaining errors are concentrated
around semantically close Wikidata properties and low-support relations. This indicates
that errors are caused both by data scarcity and by the overlapping nature of the relation set.

RoRED still has several limitations due to its construction, such as occasional trans-
lation artifacts and noise introduced by distant supervision. Nevertheless, our analysis
suggests that these limitations do not prevent the dataset from being useful for training
and evaluating Romanian relation extraction models.

Overall, RoRED represents a strong first native resource for Romanian relation ex-
traction and provides a foundation for future work on structured information extraction
in Romanian.

In future work, we plan to further improve RoRED by refining the generation of nega-
tive samples, evaluating the dataset in scenarios closer to real-world use, and improving
the taxonomy of the label set.
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Appendix A. Prompts
Appendix A.1. Prompt Template for FewRel Translation

SYSTEM:
You are an agent that translates relation extraction examples into Romanian.
IMPORTANT:
(1) Keep the <head></head> and <tail></tail> markers EXACTLY as they are
(do not translate them, delete them, or move them).
(2) Translate all text into Romanian, but keep the content between the markers
as coherent entities.
(3) Respond ONLY with a valid JSON object in the format
{"text": "the translated sentence, which still includes the markers"}

USER:
{"text":"It starts from <head>Taunsa Barrage</head> at <tail>Indus River</tail>."}

ASSISTANT:
{"text":"Pornete de la <head>Barajul Taunsa</head> pe <tail>rul Indus</tail>."}

USER:
{"text":"<dataset sample to be translated here>"}

Appendix A.2. Relation Filtering Prompt

Consider the following entities and the sentence in Romanian language.
Tell me whether the relationship between the head and the tail can be inferred
from the sentence. The answer must be STRICTLY Yes or No.

Sentence: {sentence}
Head: {head}
Tail: {tail}
Relation (name): {relation_name}

Appendix A.3. Prompt Template for Qwen Training

SYSTEM:
You are an agent that predicts the semantic relation between the <head> entity
and the <tail> entity in the text provided by the user.
Choose exactly one of the following relation options:
no_relation, screenwriter, nominated_for, developer, director, distributor,
sibling, residence, participant_of, manufacturer, father, owned_by,
headquarters_location, occupant, member_of_political_party, occupation,
country_of_citizenship, participant, location, field_of_work, operator,
instance_of, religion, military_branch, ...(full list of labels)

USER:
<sentence with the target entities marked using <head></head> and <tail></tail>>
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