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Introduction 

The rapid expansion of digital government services and the increasing complexity of legal 

regulation have created an urgent demand for intelligent, accurate, and user-friendly tools for 

semantic search and analysis of normative legal acts. 

Recently, large language models (LLMs) have been increasingly applied in the legal field, 

demonstrating high effectiveness in text generation, question answering, and document analysis. 

But processing legal acts using LLM training is complicated by the specifics of legal terminology, 

large volumes of data, high training costs, difficulties in interpreting highly specialized terms, the 

need for constant updates due to frequent changes in legislation, especially in language groups that 

initially lack a large amount of data or models trained on them [1]. LLMs often lack specialized 

knowledge required for accurately solving legal tasks, and their outputs may contain errors or 

“hallucinations,” making careful verification of the information they provide essential [2]. 

The integration of large language models with vector embeddings, legal knowledge graphs, 

and Retrieval-Augmented Generation (RAG) introduces a new approach to addressing legal tasks. 

Embedding models enable the retrieval of semantically relevant fragments of laws even for 

differently phrased queries, while knowledge graphs preserve the structure of documents and the 

relationships between norms, allowing the context necessary for LLMs to provide relevant 

answers. This allows the model to access up-to-date, accurate data in real-time and provide source 

references, rather than relying solely on its training data [3]. This approach improves search 

accuracy, reduces the risk of hallucinations, and ensures information relevance without the need 

for constant retraining of LLMs when laws change [4]. 

The relevance of this research is determined by the need to improve the efficiency of access 

to the regulatory legal framework of the Republic of Kazakhstan and to optimize the processes of 

searching for and interpreting legal norms. With the increasing volume of regulatory legal acts, 

the complexity of their analysis grows, which requires the application of modern information 

processing methods and intelligent decision-support systems. 

This study compares a retrieval-augmented approach for working with regulatory legal 

acts, based on data from the Reference Control Bank of Regulatory Legal Acts, with a method 

based on training large language models on a corpus of court decisions. The proposed approach 

integrates vector search, structured knowledge representation through knowledge graphs, and 

generative models to enable semantic retrieval and interpretation of legal information while 

preserving the relationships and hierarchy of legal norms. 

Thus, the research aligns with modern trends in the development of artificial intelligence 

technologies in the legal domain and aims to improve the accessibility, accuracy, and efficiency 

of user interaction with regulatory legal information. 

 

Methods 

In this study, we assess whether a retrieval-augmented approach combining vector search 

with structured knowledge representation through knowledge graphs can match the quality of a 

specialized, fully trained neural network. Specifically, we aim to evaluate whether an untrained 

model, when provided with up-to-date legal information via RAG and knowledge graphs, can 



generate accurate and legally sound responses comparable to those produced by a dedicated LLM 

trained on legal corpora. 

For quality comparison, each response was rated on a five-point scale according to three 

criteria: accuracy, completeness, and validity. The evaluation scale is presented in Figure 1. 

 
 

Figure 1. Criteria for assessing accuracy, completeness, and validity. 

 

To compare the quality of the responses, each response received an overall score computed 

as the sum of the scores for accuracy, completeness, and validity, with a maximum possible score 

of 15. The evaluation included the average score for each criterion, the average total score per 

question, and the number of responses with total scores in the ranges of 1–5, 6–10, and 11–15. 

The evaluation was performed using the LLM-as-a-judge approach with the Gemini 3.1 

Pro model [5]. The model was supplied with detailed instructions and evaluation criteria for 

assessing the answers. The temperature parameter was set to 0.1 to promote consistent outputs, 

and high-reasoning mode was enabled. 

The evaluation dataset consisted of 20 complex open-ended legal questions covering 

multiple areas of law. The questions and their reference answers were collected from an online 

legal question-and-answer service. On this platform, responses are prepared by law students under 

the supervision of experienced professors. Each reference answer provides a detailed explanation, 

including citations to relevant legal sources and comprehensive legal reasoning. 

To assess the relevance of the legal norms applied, a set of 10 questions was developed, 

covering various domains of legally regulated relations. These questions require, for their 

resolution, the application of legal norms enacted as of the beginning of 2026 and not previously 

utilized in legal practice. The questions were constructed based on the content of the relevant legal 

provisions and necessitate their explicit reference in the responses. The evaluation of results was 

conducted based on the presence of these norms in the answers. 

As a baseline for evaluating the capabilities of the RAG approach with a knowledge graph, 

the legal consultation service LegalExpert.kz was selected. This service represents one of the most 

well-known publicly available solutions for legal analysis in Kazakhstan. The neural network used 

in this system is trained on more than 100,000 annotated court decisions and is designed to provide 

consultations on legal matters. 

In recent years, there has been increasing interest in hybrid approaches that combine 

knowledge graphs with RAG, which are actively studied and applied across various domains 



[6][7]. However, in the context of Kazakhstan’s legal system, the predominant approach still relies 

on training neural networks on large volumes of legal data. Therefore, LegalExpert.kz serves as a 

representative example of this traditional approach and provides a suitable baseline for 

comparison. 

Neo4j was selected as the graph database for constructing the legal knowledge graph. 

Relationships were decomposed into subject-predicate-object triples and represented in the graph 

as nodes, edges, and their associated properties [8]. This modeling approach provides high 

flexibility, as nodes can store a variety of properties depending on the structure of the legal 

knowledge being represented. Neo4j’s Cypher query language enables expressive graph queries, 

facilitating efficient retrieval and extraction of enriched structured information [9]. 

The hierarchical structure of normative legal acts and their clear organization into 

documents and sections allow legal norms to be represented as a knowledge graph, helping address 

common challenges in knowledge graph modeling [10]. Relationships between nodes can model 

both document structure and broader connections between legal entities [11], while directed edges 

enable tracing paths from individual paragraphs to relate entities (Figure 2). 

 

 
Figure 2. Structure and relationships of the Civil Code of the Republic of Kazakhstan. 

 

The source data for the formation of the knowledge graph was taken from the Reference 

Control Bank of Normative Legal Acts of the Republic of Kazakhstan in electronic form. The data 

is presented in JSON format. It contains metadata for identifying the normative legal act, dates of 

interactions with the act, government agencies related to the act, document status, publication 

sources, legal validity, region of application, areas of legislation, references to amendments, 

document language, date of first publication, current version, number of versions, version date, 

and the content of the normative legal act for its representation in a human-readable form. 

For further work with the data, it was decided to first convert it into XML format, as it is 

widely used as a format for exchanging legal information and is more convenient for the 

subsequent creation of the knowledge graph [12]. For the study, 309 legal acts were retrieved from 

the law.gov.kz service and exported in XML format, preserving the metadata of the document 

hierarchy. The terminal nodes of this structure are text nodes containing the minimal semantic 

value within the context of the document. These nodes are vectorized into normalized dense 

embeddings of size 768 using the embeddinggemma-308m model. On an Nvidia 4060 8GB GPU 

and 16GB of RAM, the vectorization process took 18 minutes with a batch size of 16. In total, 

194,539 text nodes were vectorized. These nodes are stored in a local vector database (ChromaDB) 

along with metadata such as node ID, text representation and source legal document. 



Neo4j graph database is deployed on the local machine, where all the documents are 

sequentially exported, and one-way relationships are created in parallel. This approach facilitates 

the future aggregation of data to create context for the generator. 

Due to the complex structure of legal norms in Kazakhstan, effective data segmentation is 

essential for RAG systems [13]. In this approach, paragraphs – the smallest structural units of legal 

acts – are used as encoded text, while a knowledge graph is queried after vector retrieval to enrich 

the context with a set of relevant articles (Figure 3). 

 

Figure 3. Enriching legal text context using knowledge graphs. 

 

  The incoming query in natural language is encoded into a vector representation 

using embeddinggemma-308M into a 768-dimensional vector. By calculating the cosine 

similarity, the top 150 closest vectors are retrieved. This size was selected experimentally and is 

determined by the number of similar text node entries that may contain relevant information within 

this range. The retrieved vectors are further reranked using the Qwen3 Reranker 0.6B cross-

encoder, after which the top 10 vectors are selected for each legal document. The vector IDs are 

aligned with the data IDs in Neo4j and can be mapped in a Cypher query. 

The result of the aggregation in Neo4j consists of a set of complete structural units of the 

legal act, supplemented with the document's metadata. This query is then combined into a prompt 

with instructions for the generator (Figure 4). 

 

 
Figure 4. Generating prompt structure with example. 



 

The Gemini 3.1 Flash Lite was selected as the generator. Queries are sent through the 

Gemini API. The number of output tokens for the generator is set to 4096, with a temperature of 

0.2 and top-p of 1.0. 

The generated response is evaluated by an LLM judge against the reference answer using 

the defined evaluation criteria. The same evaluation procedure is applied to the response obtained 

from LegalExpert.kz to enable further comparison of the results. 

 

Results 

After comparison with the reference answers using the LLM judge, the quality of the 

responses generated by the models was analyzed across three criteria: accuracy, completeness, and 

validity (Figure 5). The Knowledge Graph–based RAG approach achieved higher scores in 5 out 

of 20 questions for accuracy and in 6 out of 20 questions for both completeness and validity. When 

considering all three criteria simultaneously, the Knowledge Graph RAG system produced better 

overall responses in 3 out of 20 questions. 

The LegalExpert neural network achieved higher scores in 4 out of 20 questions for each 

criterion (accuracy, completeness, and validity). In terms of the combined evaluation across all 

three metrics, it also produced better responses in 3 out of 20 questions. 

Identical scores were observed in 11 questions for accuracy and in 10 questions for both 

completeness and validity. 

Figure 5. Response quality comparison per question. 

 

The Knowledge Graph RAG system achieved an average total score of 7.4, compared to 

6.75 for the LegalExpert neural network when summing the scores across the three evaluation 

criteria. This result is also reflected in the distribution of total scores: the proportion of responses 

in the 1–5 range was 5% lower, while the proportion in the 11–15 range was 10% higher for the 

Knowledge Graph RAG system (Figure 6). 

 



Figure 6. Distribution of response scores in percent. 

 

Figure 7 shows the average scores across the three evaluation criteria. The Knowledge 

Graph RAG system demonstrates higher average values for accuracy, completeness, and validity 

compared to the LegalExpert neural network. The differences amount to 4.55% for accuracy, 

13.05% for completeness, and 11.11% for validity. 

 
Figure 7. Average score by accuracy, completeness, and validity. 

 

According to the results of the comparison of the relevance of the legal norms applied, the 

Knowledge Graph RAG system provided correct answers to all 10 out of 10 questions, relying on 

newly enacted legal norms. In contrast, the LegalExpert neural network failed to address any of 

the questions, citing the absence of applicable legal provisions. 

The results indicate that the Knowledge Graph RAG system and the LegalExpert neural 

network perform at a comparable level in terms of accuracy, completeness, and validity. However, 

the Graph RAG system demonstrated a substantial advantage in the relevance of the legal norms 

applied, while also exhibiting slight advantages in average overall scores and a higher proportion 

of high-scoring responses, particularly for completeness and validity. These observations indicate 

that the integration of vector-based retrieval with structured knowledge representation through 

knowledge graphs enables the generation of responses that are competitive with those of a 

specialized neural network, while providing a significant advantage in terms of the ability to 

rapidly integrate newly introduced legal provisions. Moreover, the structured representation of 

legal norms appears to facilitate a more effective capture of both semantic and structural 

characteristics of legal texts. Overall, the findings support the potential of hybrid RAG approaches 

as a viable alternative to fully trained, task-specific neural networks in the domain of legal question 

answering. 

 

Conclusion 

This study compared the quality of a retrieval-augmented approach combining vector 

search and structured knowledge representation through legal knowledge graphs with a specialized 



neural network trained on a large corpus of court decisions. The evaluation, performed using an 

LLM-as-a-judge framework, assessed response quality across three criteria: accuracy, 

completeness, and validity. Notably, the Knowledge Graph RAG system also exhibited a 

substantial advantage in terms of the relevance of the legal norms applied, successfully 

incorporating newly enacted provisions that had not yet been used in practice. Results show that 

both approaches achieve broadly comparable quality, with the Knowledge Graph RAG system 

demonstrating slight advantages in average total scores and a higher proportion of high-scoring 

responses, while also offering the significant benefit of enabling timely updates to the underlying 

legal knowledge base. 

The findings indicate that integrating vector retrieval with structured legal knowledge can 

provide responses competitive with a dedicated, fully trained neural network, while also leveraging 

the inherent structure and relationships of legal norms. This approach allows up-to-date and 

contextually accurate information retrieval without the need for extensive model retraining. 

Overall, the study highlights the potential of hybrid RAG-based systems as a practical tool for 

legal question answering, offering an alternative solution to traditional neural network approaches 

in the context of the Kazakhstan legal system. 
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