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Abstract

We address the scarcity of datasets specifically tailored for legal NER in the Russian language and investigate the
generalization capabilities of models towards unseen named entities. A rule-based program developed by legal experts
at Tag-Consulting Company was employed to automatically annotate legal texts and create the RuLegalNER dataset.
Part of the named entities only exists in the development and test splits, and they are unseen in the training set. RUBERT
was utilized as the base architecture for experimental evaluation. Two different architectural extensions were explored:
RuBERT with CRF and RuBERT with adapters. These architectures were used to train and evaluate NER models on the
RuLegalNER dataset. Utilize RuLegalNER to train and evaluate legal NER models, enhancing performance in the legal
domain and studying generalization on unseen entities. A published version of RuLegalNER is presented with detailed
statistics and demonstration of the usefulness of RuLegalNER by evaluating modern architectures.
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AHHOTAIUS

Ipencrasnen HoBhIl fAatacer RuLegalNER, pa3paborannsiii 1yist 00ydeHus Mojeneil pacio3HaBaHUsi HMEHOBAHHBIX
IOPUIMIECKHX CYITHOCTEH Ha PyCCKOM s3bIKe. BBIMoNHeHa olieHKa CIoCOOHOCTH MojieNel K 00001IeHNTIO TTPH MOSIBICHIN
B TEKCTE paHee HEe BCTPEUABIINXCS IMECHOBAHHBIX CyITHOCTEH. [I7IsT aBTOMaTH4eCcKoi pa3MeTKU I0PUINIECKIX TEKCTOB U
cozmanust Habopa manHbeIX RulLegalNER paspaborana mporpamMma Ha OCHOBE TpaBHIiI. YacTh IMEHOBAaHHBIX CYITHOCTEH
B JlataceTe ObUIa BBICNICHA B HA0OP JAHHBIX [UIS BAJIMJALNN U TECTHPOBAHMS M HE BCTpedaeTcs B 00ydaromeM Habope.
DKcliepuMeHTaIbHas IPOBEPKa JaTaceTa OcHOBaHa Ha 6a3oBoif apxutektype RuBERT. VcenenoBano iBa pacimpeHus
apxutektypsl: RUBERT ¢ ucnons3oBannem CRF (Conditional Random Fields) u aganrepos. Ha ocHOBe apxutektyp
BBINIOJTHEHO OOyYeHHE U OLIEHKa MOJIENN PACIO3HaBaHUsI IMEHOBAHHBIX CyIIHOCTeil Ha Habope naHHbIX RuLegalNER.
Ipennoxennsiii Habop naHHbIX RuLegalNER MoykeT ObITh HCIOIBb30BaH [UIS CO3/IaHHUsI HOBBIX MOJZICNIeH pacio3HaBaHUs
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MMEHOBAHHBIX CYIIHOCTEH B FOPUANYECKHUX TEKCTAX, YTO MO3BOJIUT aBTOMATH3UPOBATh KOHTCHT-aHAIN3 FOPUATUECKHX
nokyMmenToB. Ony6iunkosana Bepcust RuLegalNER ¢ mogpoOHOI cTaTUCTHKO 1 A€MOHCTpanuei moiesHocT Habopa
nanHbix RuLegalNER myTem oneHKH Ha OCHOBE COBPEMEHHBIX apXUTEKTYP.

KiioueBbie cjioBa

pacro3HaBaHNEe UMEHOBAaHHBIX IOPUIMUECKUX CYITHOCTEN, 00pabOTKa €CTECTBEHHOTO A3bIKa, U3BIIEUeHNE HH(POPMAIINH,
SI3BIKH C OTPAaHUYCHHBIMH PECYpPCaMH, TIepPelaTOuHoe 00yueHne, TpaHc(HopMepsI

Cceplaka pias nutupoBanus: laxun 3., Mypomues [I.U., [loctusiii M. RuLegalNER: HOBBII naTaceT ans
pacro3HaBaHUs UMEHOBAHHBIX IOPHINYECKUX CYIIHOCTEH Ha pycckoM si3bike // HaydHO-TEXHMYECKHH BECTHHK
NHDOPMANMOHHBIX TEXHOIOTHH, MexaHuku u ontuku. 2023. T. 23, Ne 4. C. 854-857 (ma auri. s3bike). doi:

10.17586/2226-1494-2023-23-4-854-857

Recognizing named entities in legal texts is a crucial
task in natural language processing, with applications
ranging from information extraction [1] to legal research
[2]. However, the availability of resources specifically
tailored for legal Named Entity Recognition (NER) in
the Russian language is limited. This scarcity poses a
significant challenge for researchers and practitioners
working in the legal domain. Additionally, annotating legal
datasets with expert human annotators is an expensive
process. Furthermore, even with expert annotations, noisy
labels can be present due to the complexity and ambiguity
of legal texts [3].

In the Russian language, the availability of datasets
specifically focused on legal named entity recognition
is scarce. Among the limited options [4—6], one notable
dataset is NEREL [7] which includes a total of 20 classes,
with only three classes specifically related to the legal
domain: LAW, CRIME, and PENALTY. However, out of
the 56,000 annotated named entity instances in NEREL,
only 1,679 pertain to legal named entities. This highlights
the need for more comprehensive and domain-specific
resources in the legal domain for Russian.

To address these challenges, this paper introduces
RuLegalNER, a rule-based annotated legal dataset for
the Russian language. The dataset was created using a
rule-based program developed by legal experts in Tag-
Consulting Company, enabling the automatic annotation
of legal named entities in a large collection of Russian
legal texts. This rule-based approach alleviates the need for
extensive manual annotations by experts, speeding up the
dataset creation process. Although rule-based annotation
may introduce some noise, it serves as a starting point for
subsequent refinement and iterative improvement.

To study the generalization ability of a named entity
recognition model trained on an automatically annotated
dataset, we developed RuLegalNER, a dataset of Russian
legal documents. This dataset is annotated with more than
20 classes of named entities. However, it is important
to note that not all legal named entities present in the
documents are annotated, and the annotation coverage
is sparse. From the initial set of classes, we specifically
selected five classes for inclusion in this dataset:
Individual person, legal entity, Penalty, Crime, and Law.
The annotation process was performed using a rule-based
system provided by TAG Consulting Company.

To ensure the evaluation of the model performance
on unseen named entities, we incorporated low frequency
entities into the dataset. These entities were treated
as unseen during the training process, and they were
exclusively reserved for the validation and test stages.

The RuLegalNER dataset consists of a sample of
100,000 Russian legal documents. Within this dataset,
there are a total of 860 unique named entities. Notably,
289 of these entities appear only in the test set, resulting in
a total of 777 occurrences of unseen entities in the test set.

For detailed statistics on the distribution of named
entities in each split of the dataset, please refer to Table 1.
The table shows the number of unique entities and their
frequencies within each portion of the dataset as well as
statistics for both seen and unseen entities in the test set.
Additionally, Figure provides samples from the dataset,
showcasing the variety of named entities present. The
dataset is publicly available!.

We evaluated our models ability to predict unseen
named entities, handle misspellings, and different
grammatical cases. Objective metrics, such as precision,
recall, and fl score, were employed to assess their
prediction power. We employed additional two objective
evaluation metrics: Count of Predicted Unseen Named
Entities (CP-UNE) and Count of Unique Predicted Unseen
Named Entities (CUP-UNE), to measure the models
generalization ability to unseen named entities.

In our experiments, we utilized various NER models
for our research. The first model, RuBERT-NER, is
based on RuBERT [8], a Russian text feature extraction
model trained using the Russian version of Wikipedia and
multilingual-BERT as the base checkpoint. We fine-tuned
RuBERT using legal documents and employed a token
classifier to generate probabilities for different classes.
An extension of RuBERT-NER, RuBERT-NER-CREF,
incorporated Conditional Random Fields (CRFs) to capture
long-range dependencies and improve prediction accuracy.
It utilized the Viterbi algorithm and a learnable state-state
transition matrix for decoding the output labels. Another
extension, RUBERT-NER-Adapter, employed adapters [9],
a transfer learning strategy, to augment RuBERT-NER
without significantly increasing the number of parameters.
Lastly, we used a baseline model, BILSTM-CRF [10],
which combined a bidirectional LSTM with a CRF
component for NER tasks. This model was pretrained on
Russian Wikipedia and fine-tuned using legal documents.

Given the sparse nature of the annotated dataset and
to evaluate the performance of these models and make
comparisons, we divided the legal documents into
segments, each containing 60 words, and filtered out
segments that did not contain any annotated legal entities.
The remaining segments were utilized for training,

I Available at: https://github.com/zeino8/RuLegalNER
(accessed: 18.07.2023).
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Classes and Colors: Individual Person - [EEgalERtity - Penalty - I - Sfifie

Figure. Legal texts samples from RuLegalNER with classes and their colors, and entities highlighted with the corresponding class

color

Table 1. Named entity data in the RuLegalNER dataset organized by class number

# unique entities # occurrences
Class Test Test
Train Validation Dataset Train Validation Dataset
Seen Unseen Seen Unseen

Individual 320 521 293 192 640 214,591 44,553 32,893 258 291,295
Legal Entity 30 55 30 26 59 28,343 6922 4599 165 40,029
Penalty 35 66 35 31 70 70,224 15,666 10,981 169 97,040
Crime 21 38 21 17 42 61,158 12,766 8897 91 82,912
Law 25 45 25 23 49 91,771 17,727 12,483 94 122,075
Total 431 725 404 289 860 466,087 97,634 68,853 777 633,351

Table 2. Comparing objective evaluation metrics (precision, recall, f1) for various models: (1) RuBERT-NER, (2) RuBERT-NER-
CREF, (3) RuBERT-NER-Adapter, and (4) BILSTM-CRF on all classes together. We also count number of previously unseen named
entities (CP-UNE) and number of unique previously unseen named entities (CUP-UNE)

Model Precision Recall Fl-score CP-UNE CUP-UNE
RuBERT-NER 0.951 0.960 0.956 58 46
RuBERT-NER-CRF 0.976 0.847 0.907 57 48
RuBERT-NER-Adapter 0.905 0.940 0.922 52 40
BiLSTM-CRF 0.937 0.939 0.938 7 3

validation, and testing purposes. Evaluation results and
comparison between models is presented in Table 2.

We introduced RuLegalNER dataset, a legal named
entity recognition dataset in the Russian language. With its
automatically annotated legal documents, RuLegalNER
provides a valuable resource for training and evaluating
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