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INTRODUCTION

The dynamic development of information 
technologies, along with the rapid growth in the 
volume of available data, has made effective 
information retrieval one of the key challenges of 
modern computer science. In the era of the infor-
mation society, users expect fast access to reliable 
and precise information, often formulating their 
queries in natural language. A significant portion 
of available resources is unstructured in nature, 

primarily including textual documents, articles, 
advertisements, and various forms of content pub-
lished on the Internet. Information retrieval (IR) 
refers to the process of identifying documents or 
text fragments that best match a user query within 
large collections of data. 

In contrast to traditional data retrieval from 
structured databases, where queries have a strict-
ly defined form and lead to unambiguous results, 
information retrieval is inherently probabilistic. 
IR systems estimate the relevance of documents 
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with respect to a given query by considering key-
word matching or semantic similarity of content. 
With the increasing volume and heterogeneity of 
available data, the development of effective meth-
ods for information retrieval and selection has 
become one of the main research areas in natural 
language processing and artificial intelligence.

The history of information retrieval systems 
reflects the long-term evolution of text repre-
sentation models and content matching meth-
ods. Early approaches were based on the Bool-
ean model, in which documents were retrieved 
according to logical conditions concerning the 
presence or absence of specific terms in the text 
[1]. Over time, statistical approaches emerged 
that represented words or entire documents as 
numerical vectors, such as the Bag-of-Words 
model and the TF-IDF weighting scheme, which 
enabled the comparison of texts using similarity 
measures in a vector space [2, 3]. Subsequently, 
probabilistic models gained importance, among 
which the widely used BM25 algorithm occupies 
a prominent position [4, 5]. A significant break-
through was also the development of static and 
contextual word embeddings, such as Word2Vec, 
GloVe, and BERT, which enabled the modeling 
of semantic relationships between words and sen-
tences and significantly improved the effective-
ness of information retrieval in large document 
collections [6–8].

An important direction of development in 
the field of natural language processing and 
information retrieval has been the emergence of 
large language models (LLMs), which enable the 
generation of coherent and contextually relevant 
responses to user queries. Despite their impres-
sive generative capabilities, these models exhibit 
certain limitations. Their knowledge is derived 
exclusively from the data used during the train-
ing process, which is inherently static and does 
not always reflect the current state of knowl-
edge. Therefore, the generated responses may be 
imprecise or lack references to reliable sources of 
information [9, 10]. 

A response to the limitations is the retrieval-
augmented generation (RAG) approach, which 
combines information retrieval mechanisms with 
generative language models. In systems based on 
this architecture, the generative model does not 
rely solely on knowledge acquired during train-
ing, but also leverages documents from external 
knowledge sources through a retrieval mecha-
nism. Given a query, the system first retrieves 

the most relevant documents or their fragments, 
which are then used as contextual input for the 
language model responsible for generating the 
final response. This approach increases the reli-
ability and timeliness of generated outputs while 
enabling the system to be adapted to a specific 
domain of knowledge [11]. 

Various variants of RAG architectures have 
been identified in the literature, differing in 
their information retrieval methods and in the 
way retrieved results are integrated into the 
response generation process [11]. In this study, 
three representative approaches are considered: 
Naive RAG, Hybrid RAG, and Self-RAG. Naive 
RAG represents the basic form of the architec-
ture, in which documents are retrieved based on 
semantic similarity and provided to the genera-
tive model as contextual input. The Hybrid RAG 
architecture extends this approach by incorporat-
ing keyword-based retrieval, thereby combin-
ing semantic and lexical matching. In contrast, 
Self-RAG introduces additional self-evaluation 
mechanisms that enable the assessment of the 
coherence of the retrieved context and the qual-
ity of the generated responses.

The application of RAG architectures is of 
particular importance in chatbot systems, which 
are conversational tools designed to simulate 
human communication, capable of operating 
across various digital environments, including 
websites, mobile applications, and instant mes-
saging platforms, making them widely appli-
cable in customer service, digital platforms, and 
recruitment processes. One prominent application 
of such systems is human resource management, 
where chatbots support recruitment by providing 
information about job vacancies, answering can-
didate questions, collecting application data, and 
conducting initial candidate screening. Artificial 
intelligence technologies can analyse candidate 
experience, education, and competencies, com-
paring them with job requirements to identify the 
most suitable applicants efficiently [12]. Research 
indicates that job seekers perceive chatbots as 
moderately effective, particularly in providing 
recruitment-related information and scheduling 
interviews, which has led to their increasing adop-
tion by organizations seeking to emulate human 
intelligence in recruitment-related activities [13].

Chatbots are also increasingly used by higher 
education institutions to support student recruit-
ment. Prospective students often seek informa-
tion regarding study programmes, admission 
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requirements, required documentation, and 
application deadlines, yet traditional information 
dissemination methods require them to indepen-
dently navigate large volumes of content. The 
implementation of a conversational system based 
on advanced information retrieval mechanisms 
and language models can significantly improve 
this process by enabling users to ask questions 
in natural language and receive comprehensive, 
direct, and personalized responses, while simul-
taneously handling a large number of inquiries. 
An example is the chatbot Pounce, implemented 
at Georgia State University, (Figure 1), which 
contributed to reducing the „summer melt” phe-
nomenon, where admitted students ultimately 
fail to enrol at the university.

Similar solutions are also implemented at 
other higher education institutions, including 
Nanyang Technological University, where a chat-
bot supports the handling of applicant inquiries 
concerning educational programmes and admis-
sions procedures (Figure 2). 

In this paper, a conversational system, Chat-
MIT, designed to support the recruitment process 
for undergraduate studies at the Faculty of Math-
ematics and Information Technology of Lublin 
University of Technology, is developed and eval-
uated. The system employs Retrieval-Augmented 
Generation architectures to improve the quality 
of generated responses and ensure their consis-
tency with information contained in the recruit-
ment knowledge base. Three RAG architectures 
are compared in terms of the factual correctness 
and linguistic quality of the generated responses, 
using three language models of varying param-
eter sizes. Figure 3 presents the user panel view 
of the recruitment chatbot ChatMIT.

Overall, artificial intelligence-based chatbots 
are becoming an increasingly significant  com-
ponent  of modern recruitment and admissions 
processes. They enable the automation of numer-
ous stages of candidate screening and selection, 
while simultaneously accelerating communica-
tion with applicants, both prospective students and 
individuals seeking information  regarding  aca-
demic  programmes  prior to making decisions 
concerning higher education enrolment. Despite 
their numerous advantages, the effectiveness of 
such systems remains dependent upon the quality 
of the implemented algorithms and the appropri-
ate integration of technological solutions with the 
conventional work performed by recruitment and 
admissions committees. 

MATERIALS AND METHODS

Knowledge base and data preparation

The ChatMIT system is based on a knowledge 
base constructed from official documents pub-
lished by the Faculty of Mathematics and Infor-
mation Technology at Lublin University of Tech-
nology. The collected materials included regula-
tions and resolutions governing the recruitment 
process, recruitment schedules, requirements 
regarding candidate documentation, descrip-
tions of study programmes together with learning 
outcomes, as well as organizational information 
from the faculty website. In all cases, the most 
up-to-date version of each source was selected to 
ensure the currency of the knowledge base. The 
test question dataset was developed based on real 
email correspondence of the Faculty Recruitment 
Committee from the academic years 2023/2024 
and 2024/2025, covering two academic years in 
order to capture a diverse range of prospective 

Figure 1. Chatbot Pounce, implemented at
Georgia State University [14]
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student inquiries. The correspondence was used 
exclusively to identify recurring question types 
and topics, while responses were generated based 
on the most current documents available in the 
knowledge base. In accordance with data protec-
tion requirements, all personal information was 
removed from the correspondence, retaining only 
content related to the recruitment process.

The document preparation stage played a cru-
cial role in the overall effectiveness of the system 
and enabled approximately a twentyfold reduction 
in the size of the knowledge base while preserv-
ing its full informational value. The preprocess-
ing steps were performed manually and included 
the removal of elements irrelevant to text anal-
ysis, such as signatures, stamps, and logos, and 

Figure 2. Chatbot implemented at Nanyang Technological University [15]

Figure 3. Chatbot ChatMIT implemented at Lublin University of Technology



182

Advances in Science and Technology Research Journal 2026, 20(11), 178–192

the transformation of tabular data into continu-
ous text while preserving relationships between 
fields. Additionally, complex terms characteristic 
of the academic environment were reformulated 
according to plain language principles and redun-
dant content was identified and removed, using 
a suitably prompted large language model (GPT-
4o), in order to improve the quality of semantic 
matching between user queries and document 
content. All modifications were subsequently 
verified by a university expert to ensure that the 
original meaning was preserved while domain-
specific language was appropriately simplified.

Deployment environment

The ChatMIT system was implemented and 
deployed on the OpenWebUI platform, which 
enables the integration of language models with 
retrieval mechanisms based on RAG architec-
tures, as well as testing the system under condi-
tions similar to real-world usage. The platform 
provides integrated management of language 
models, the knowledge base, and system param-
eters without the need to implement a dedicat-
ed user interface, which significantly reduced 
deployment time and enabled the research effort 
to be directed towards the core experimental 
aspects of the study.

In the case of Naive RAG and Hybrid RAG 
architectures, it was possible to directly utilize 
the built-in mechanisms of the OpenWebUI plat-
form, with only selected retrieval parameters 
requiring modification. In contrast, the Self-RAG 
architecture required the development of a dedi-
cated external function implementing its opera-
tional mechanism, including the logic of reflec-
tion tokens and iterative control of the retrieval 
process, followed by its full integration with the 
deployment environment of the platform.

The computational environment was deployed 
on a server equipped with two NVIDIA RTX 
A6000 GPUs (48 GB VRAM each), based on the 
Ampere architecture, running NVIDIA drivers 
version 550.163.01 and the CUDA 12.4 environ-
ment. To ensure comparability across the analyzed 
architectures, uniform text segmentation param-
eters were applied in all configurations. Based on 
preliminary experiments, the analyzed documents 
were divided into chunks of 1000 characters, with 
an overlap of 100 characters between adjacent 
segments. This configuration yielded satisfactory 
retrieval effectiveness within the studied domain, 

although optimal parameters may vary depend-
ing on the document structure, query complex-
ity, and application context, even within the same 
domain. In all architectures, the initial context 
provided to the generative model consisted of the 
top three segments (k = 3). In the case of Self-
RAG, this value defines the maximum candidate 
pool per retrieval call, as the model autonomously 
determines both the necessity of retrieval and the 
relevance of individual segments. This ensured 
that all architectures were evaluated under iden-
tical input conditions, enabling a direct and fair 
comparison of results.

Before evaluating the individual RAG archi-
tectures in the system, an initial assessment was 
conducted on two candidate embedding models 
for the retrieval module, namely sentence-trans-
formers/all-MiniLM-L6-v2 and text-embedding-
3-large (OpenAI), to determine the most suitable 
option. Based on comparative experiments, no 
significant differences were observed between 
the models in terms of the effectiveness of con-
text retrieval, while a high degree of overlap 
between the retrieved text segments was main-
tained. For practical reasons, sentence-trans-
formers/all-MiniLM-L6-v2 was selected as the 
final solution, as it is an open-source model that 
does not incur operational costs associated with 
the use of commercial models. In the generation 
module, three generative large language models 
of varying parameter scales were used for evalu-
ation: Gemma 3 (27B), Llama 3 (70B), and gpt-
oss (120B), enabling the analysis of the impact of 
model scale on response quality.

System architecture: RAG approaches

The core component of the ChatMIT system 
is the RAG architecture, which can be formally 
defined as a generative model conditioned on 
both the query x and the set of retrieved docu-
ments z such that:

	 𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥) = ∑ 𝑝𝑝𝜂𝜂(𝑧𝑧|𝑥𝑥) ⋅ 𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥, 𝑧𝑧)
𝑧𝑧∈top−𝑘𝑘

 

 

𝑑𝑑cos(𝑞⃗𝑞, 𝑣⃗𝑣) = 1 − 𝑞⃗𝑞 ⋅ 𝑣⃗𝑣
‖𝑞⃗𝑞‖ ∙ ‖𝑣⃗𝑣‖ 

 

𝐵𝐵𝐵𝐵25(𝐷𝐷, 𝑄𝑄) = ∑

𝐼𝐼𝐼𝐼𝐼𝐼(𝑞𝑞𝑖𝑖) ∙
𝑓𝑓(𝑞𝑞𝑖𝑖, 𝐷𝐷) ∙ (𝑘𝑘1 + 1)

𝑓𝑓(𝑞𝑞𝑖𝑖, 𝐷𝐷) + 𝑘𝑘1 ∙
(1 − 𝑏𝑏 + 𝑏𝑏 ∙ |𝐷𝐷|

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)

𝑛𝑛

𝑖𝑖=1
 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦(𝑑𝑑) = 𝜆𝜆 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑑𝑑) + 

+ (1 − 𝜆𝜆) ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑑𝑑), , , ) 

 

𝑚𝑚𝑚𝑚𝑚𝑚
𝐶𝐶

𝔼𝔼(𝑥𝑥,𝑦𝑦,𝑟𝑟)∼𝒟𝒟𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑐𝑐(𝑟𝑟|𝑥𝑥, 𝑦𝑦) 

 

𝑚𝑚𝑚𝑚𝑚𝑚
𝑀𝑀

𝔼𝔼(𝑥𝑥,𝑦𝑦,𝑟𝑟)∼𝒟𝒟𝑔𝑔𝑔𝑔𝑔𝑔 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑀𝑀(𝑦𝑦, 𝑟𝑟|𝑥𝑥) 

 

𝑓𝑓(𝑦𝑦𝑡𝑡, 𝑑𝑑, Critique) = 

= 𝑝𝑝(𝑦𝑦𝑡𝑡|𝑥𝑥, 𝑑𝑑, 𝑦𝑦<𝑡𝑡) + 𝑆𝑆(Critique) 

 

 

	 (1)

where:	y – denotes the generated response, 	
	pη(z|x) – the retrieval model assigning 
the probability of relevance to a docu-
ment z with respect to the query

	 x, pθ(y|x, z) – the generative model pro-
ducing a response based on the query 
and the retrieved context. 
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The three analyzed architectures differ pri-
marily in the formulation of the retrieval compo-
nent pη(z|x), as well as in the strategies used to 
control the generation process [16, 17].

Naive RAG constitutes the fundamental 
implementation of the retrieval-augmented gen-
eration architecture. In this approach, the context 
retrieval stage is performed only once for a given 
user query, and the retrieved fragments are not 
subject to further iterative updates. The retrieval 
of relevant fragments is carried out by compar-
ing the vector representation of the query with the 
vectors of text fragments in the embedding space. 
For this purpose, any similarity or distance mea-
sure may be applied, though in practice the most 
commonly used is cosine distance, defined as:

	

𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥) = ∑ 𝑝𝑝𝜂𝜂(𝑧𝑧|𝑥𝑥) ⋅ 𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥, 𝑧𝑧)
𝑧𝑧∈top−𝑘𝑘

 

 

𝑑𝑑cos(𝑞⃗𝑞, 𝑣⃗𝑣) = 1 − 𝑞⃗𝑞 ⋅ 𝑣⃗𝑣
‖𝑞⃗𝑞‖ ∙ ‖𝑣⃗𝑣‖ 

 

𝐵𝐵𝐵𝐵25(𝐷𝐷, 𝑄𝑄) = ∑

𝐼𝐼𝐼𝐼𝐼𝐼(𝑞𝑞𝑖𝑖) ∙
𝑓𝑓(𝑞𝑞𝑖𝑖, 𝐷𝐷) ∙ (𝑘𝑘1 + 1)

𝑓𝑓(𝑞𝑞𝑖𝑖, 𝐷𝐷) + 𝑘𝑘1 ∙
(1 − 𝑏𝑏 + 𝑏𝑏 ∙ |𝐷𝐷|

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)

𝑛𝑛

𝑖𝑖=1
 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦(𝑑𝑑) = 𝜆𝜆 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑑𝑑) + 

+ (1 − 𝜆𝜆) ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑑𝑑), , , ) 

 

𝑚𝑚𝑚𝑚𝑚𝑚
𝐶𝐶

𝔼𝔼(𝑥𝑥,𝑦𝑦,𝑟𝑟)∼𝒟𝒟𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑐𝑐(𝑟𝑟|𝑥𝑥, 𝑦𝑦) 

 

𝑚𝑚𝑚𝑚𝑚𝑚
𝑀𝑀

𝔼𝔼(𝑥𝑥,𝑦𝑦,𝑟𝑟)∼𝒟𝒟𝑔𝑔𝑔𝑔𝑔𝑔 𝑙𝑙𝑙𝑙𝑙𝑙 𝑝𝑝𝑀𝑀(𝑦𝑦, 𝑟𝑟|𝑥𝑥) 

 

𝑓𝑓(𝑦𝑦𝑡𝑡, 𝑑𝑑, Critique) = 

= 𝑝𝑝(𝑦𝑦𝑡𝑡|𝑥𝑥, 𝑑𝑑, 𝑦𝑦<𝑡𝑡) + 𝑆𝑆(Critique) 

 

 

	 (2)

where:	

𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥) = ∑ 𝑝𝑝𝜂𝜂(𝑧𝑧|𝑥𝑥) ⋅ 𝑝𝑝𝜃𝜃(𝑦𝑦|𝑥𝑥, 𝑧𝑧)
𝑧𝑧∈top−𝑘𝑘

 

 

𝑑𝑑cos(𝑞⃗𝑞, 𝑣⃗𝑣) = 1 − 𝑞⃗𝑞 ⋅ 𝑣⃗𝑣
‖𝑞⃗𝑞‖ ∙ ‖𝑣⃗𝑣‖ 

 

𝐵𝐵𝐵𝐵25(𝐷𝐷, 𝑄𝑄) = ∑

𝐼𝐼𝐼𝐼𝐼𝐼(𝑞𝑞𝑖𝑖) ∙
𝑓𝑓(𝑞𝑞𝑖𝑖, 𝐷𝐷) ∙ (𝑘𝑘1 + 1)

𝑓𝑓(𝑞𝑞𝑖𝑖, 𝐷𝐷) + 𝑘𝑘1 ∙
(1 − 𝑏𝑏 + 𝑏𝑏 ∙ |𝐷𝐷|

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)

𝑛𝑛

𝑖𝑖=1
 

 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦(𝑑𝑑) = 𝜆𝜆 ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑑𝑑) + 

+ (1 − 𝜆𝜆) ∙ 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑑𝑑), , , ) 

 

𝑚𝑚𝑚𝑚𝑚𝑚
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This metric takes values within the interval 
[0, 2], where a value of 0 corresponds to the high-
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where:	 f(qi, D) – denotes the frequency of the i-th 
query term in document D,

	 IDF(qi) – the inverse document frequency 
of the term qi, k1 is a term frequency satu-
ration parameter, b – controls the influ-
ence of document length, |D| – the length 
of the document, and avgdl – the average 
document length in the corpus [20]. 

The semantic and lexical retrieval scores are 
subsequently combined through a weighted lin-
ear combination:
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	 (4)

where:	 λ ∈ [0.1] – determines the contribution 
proportion of both methods. 

In the conducted study, λ =0.5 was adopted, 
reflecting equal weighting of both components, a 
choice motivated by the domain-specific nature of 
the analyzed documents, where neither retrieval 
method could be assumed to be universally supe-
rior. The value of this parameter was not subject 
to further tuning, as the primary objective was 
to incorporate the lexical retrieval component 
rather than to optimize its relative contribution. 
The hybrid approach is particularly effective in 
scenarios involving specialized, rare, or domain-
specific vocabulary [21,22]. In such cases, gen-
eral-purpose embedding models may struggle to 
accurately capture the meaning of terms in the 
vector space, which reduces the effectiveness of 
semantic retrieval. Incorporating a lexical com-
ponent enables exact keyword matching, thereby 
improving retrieval relevance in specialized and 
technical contexts. The architecture of Hybrid 
RAG is illustrated in Figure 5.

Self-RAG extends classical RAG approach-
es by introducing an adaptive and sophisticated 

Figure 4. Architecture of the naive RAG system
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mechanism for controlling both the retrieval 
process and response generation. Unlike static 
approaches, the model not only utilizes the provid-
ed context but also actively evaluates its relevance 
as well as the quality of the generated response. 
This mechanism is implemented through special 
reflection tokens, such as Retrieve, IsREL, IsSUP, 
and IsUSE, which enable the model to make deci-
sions regarding the need to retrieve additional 
information, assess its relevance, and determine 
the extent to which it should be utilized during 
the generation process [23]. Specifically, Retrieve 
triggers an additional retrieval call when the model 
determines that the current context is insufficient; 
IsREL assesses whether the retrieved passage is 
relevant to the query; IsSUP evaluates whether the 
generated response is supported by the retrieved 
context; and IsUSE determines the overall utility 
of the retrieved passage for the final response. The 
critic model C is trained by maximizing:
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where:	 x – denotes the input query, y – the gener-
ated response, r – the reflection signal or 
label, pc(r|x,y) – the probability assigned by 
the critic model C to the reflection signal 
given the query and the generated response. 

Based on the trained critic model, a dataset is 
constructed for training the generative model M, 
which optimizes:
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where:	 x – denotes the input query, y – the gen-
erated response, r – the reflection signal, 
pM(y,r|x) – the probability assigned by the 

generative model M to the joint occur-
rence of the response and reflection signal 
given the query. 
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where:	S(Critique) – is a weighted sum of the 
scores derived from individual reflection 
tokens. 

As a result, the model not only generates a 
response but also simultaneously evaluates its cor-
rectness and consistency with the provided con-
text. The application of the beam search algorithm 
enables the parallel expansion of multiple genera-
tion paths, from which the response with the high-
est overall score is ultimately selected [24].

The above formulation describes the original 
Self-RAG architecture, in which both the critic 
model C and the generative model M are trained 
with reflection tokens. In the present study, a sim-
plified zero-shot variant was adopted, in which 
reflection-based evaluation is performed by the 
generative model itself through separate inference 
calls. Concretely, the model assesses at inference 
time both the relevance of the retrieved context 
with respect to the input query, and the degree to 
which the generated response is grounded in and 
supported by that context. In this approach, reflec-
tion labels are not embedded in the model weights 
through training but are generated dynamically as 
model outputs in response to dedicated evaluation 
prompts. The labels generated at both the retrieval 

Figure 5. Architecture of the hybrid RAG system
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and generation stages were reviewed by domain 
experts, whose evaluation confirmed a sufficiently 
high level of correctness to consider the zero-shot 
approach viable. Where systematic errors were 
identified, the evaluation prompts were iterative-
ly adjusted to improve the accuracy of reflection 
token assignment. Consequently, it was deter-
mined that training a dedicated critic model was 
not required, as the zero-shot variant was found to 
preserve the core adaptive properties of the Self-
RAG architecture, including dynamic retrieval 
control and response quality assessment [25]. 

In the implemented zero-shot variant, 
reflection-based evaluation was performed 
through independent inference calls using the 
same model as the one responsible for response 
generation, albeit with a distinct system prompt 
describing all four reflection tokens (Retrieve, 
IsREL, IsSUP, IsUSE), their binary values, 
and the criteria governing their assignment. 
Each model evaluated its own reflection tokens 
independently, meaning that Gemma 3 (27B), 
Llama 3 (70B), and gpt-oss (120B) each oper-
ated as two separate instances: one dedicated to 
reflection token assessment and one to response 
generation, with no shared state between them. 
In cases where conflicting token assessments 
were obtained, the system initiated an addi-
tional retrieval iteration rather than proceed-
ing with ambiguous context. The retrieval loop 
was permitted a maximum of five iterations per 
query. If the IsUSE token indicated that the 
retrieved context remained insufficient after 
five attempts, the system explicitly informed 
the user that a reliable answer could not be 

provided, rather than generating a response 
based on inadequate context.

These adaptive mechanisms collective-
ly enable more controlled and context-aware 
response generation, enhancing both the relevance 
and reliability of the final output. The architecture 
of the original Self-RAG is illustrated in Figure 6. 
The zero-shot variant implemented in this study 
follows an analogous structure, with the distinction 
that the response evaluation stage is performed by 
an independent inference call to the same genera-
tive model, guided by a dedicated prompt, rather 
than by a separately trained critic model.

System prompt and evaluation 
methodology

For all analyzed architectures and language 
models, the same specially designed system 
prompt was applied, serving as a higher-level con-
trol layer governing the system behavior regard-
less of the RAG architecture used. The prompt 
specified the thematic scope of the system, lim-
ited exclusively to undergraduate admissions at 
WMiIT, defined the strategy to follow in cases 
where relevant information was not available in 
the knowledge base, and established guidelines 
for formulating responses in accordance with plain 
language principles. Key principles included the 
use of clear and understandable vocabulary, con-
structing short sentences conveying a single idea, 
employing the active voice, and visually structur-
ing the content. The model was instructed to base 
its responses solely on the provided context and 
to explicitly indicate when there was insufficient 

Figure 6. Architecture of the self-RAG system
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information to provide an answer. Additionally, 
the prompt defined response control guidelines 
whereby answers were to remain concise and 
not expanded beyond what was necessary, with 
no elaboration unless explicitly requested by 
the user. Each response was to conclude with a 
single follow-up question to verify whether the 
user required additional detail. For general que-
ries, the model was instructed to provide only the 
key steps or most essential information in a con-
densed form. 

To systematically assess the quality of 
responses generated by the analyzed architec-
tures, a dedicated evaluation framework was 
developed. A set of 70 test questions based on 
real recruitment correspondence was divid-
ed into three levels of complexity: 33 easy, 
27 medium, and 10 difficult. The dataset was 
derived through a preliminary selection process 
from a larger pool of correspondence items, in 
which numerous questions addressed identi-
cal topics with varied phrasing. Consolidation 
into thematically distinct questions reduced the 
pool to the final 70 items used in the evaluation. 
This distribution reflects the natural and repeti-
tive structure of prospective student inquiries, in 
which factual single-source questions predomi-
nate, while complex multi-document queries 
are considerably less frequent. Easy questions 
exclusively required the extraction of informa-
tion from a single source and assumed a short, 
factual response (e.g., Is an up-to-date photo-
graph required for the recruitment process?). 
Medium questions involved the analysis and 
synthesis of information derived from multiple 
documents (e.g., By what deadline and in what 
form must I submit the original of my second-
ary school leaving certificate?). In contrast, dif-
ficult questions were based on information dis-
persed across multiple documents and required 
the model to demonstrate reasoning capabilities 
and the integration of information from multiple 
sources (e.g., Calculate my recruitment coef-
ficient based on the provided exam results and 
determine which degree programmes I could be 
admitted to...). Due to an insufficient number of 
difficult questions in the original dataset, this 
category was supplemented with 4 additional 
items prepared by specialists responsible for 
the recruitment process at the Faculty, bringing 
the total number of difficult questions to 10. All 
queries were processed independently, without 
taking into account the conversation history, and 

the system generated a single response per ques-
tion, which was then evaluated according to the 
established criteria.

The quality of the generated responses was 
assessed using two complementary evaluation 
criteria, each rated on a five-point scale. The first 
criterion addressed the factual correctness and 
completeness of the response with respect to the 
information available in the knowledge base. The 
second criterion evaluated the linguistic quality 
of the response, including its clarity, coherence, 
and adherence to plain language principles. The 
evaluation criteria are presented in Table 1. 

The evaluation was conducted by two inde-
pendent domain experts, specialists in undergrad-
uate admissions at WMiIT of the Lublin Univer-
sity of Technology. For each question, the scores 
assigned by both evaluators were averaged using 
a simple arithmetic mean. The involvement of 
independent domain experts as evaluators con-
stitutes a key element of the adopted methodol-
ogy. It ensures objectivity of the assessments and 
strong grounding in institutional practice, clearly 
distinguishing the conducted evaluation from 
approaches based solely on automatic metrics.

RESULTS AND DISCUSSION

The following section presents the results of 
the comparative evaluation of three RAG archi-
tectures (Naive RAG, Hybrid RAG, and Self-
RAG) implemented within the ChatMIT conver-
sational system. The evaluation was conducted 
using three generative language models of vary-
ing parameter scales: Gemma 3 (27B), Llama 3 
(70B), and gpt-oss (120B), across three levels 
of question complexity. The results are reported 
according to the five-point evaluation scale and 
are summarized in Table 2 and Table 3.

The Naive RAG architecture achieved sat-
isfactory results exclusively for easy questions, 
with mean factual correctness scores rang-
ing from 4.2 to 4.3 across all three models. For 
medium-difficulty questions, the scores dropped 
substantially to the range of 1.7 to 1.8, and for 
difficult questions, all three models received 
the minimum score of 1.0, which in most cases 
resulted from the system returning no substantive 
response rather than generating an incorrect one, 
cf. Table 2. For easy questions, linguistic quality 
scores ranged from 4.7 to 4.8, while for medium 
and difficult questions they did not exceed 4.2 and 
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4.0 respectively, cf. Table 3. Specifically, when 
the system returned a refusal message instead of 
a substantive response, a linguistic quality score 
of 4.0 was assigned, as the brevity of such outputs 
precluded a comprehensive linguistic evaluation. 
It is worth noting that since the test set was delib-
erately constructed to include only questions with 
answers available in the knowledge base, every 

refusal response represented a retrieval failure 
rather than appropriate system behavior.

The Hybrid RAG architecture produced mar-
ginally higher factual correctness scores com-
pared to Naive RAG across all difficulty levels. 
For easy questions, scores ranged from 4.3 to 4.4, 
while for medium questions, values of 2.1 to 2.2 
were observed. For difficult questions, scores of 

Table 1. The evaluation criteria of the factual correctness and linguistic quality of the response

Scale for assessing factual correctness Scale for assessing language quality
1.	 Information completely incorrect, inconsistent with 

the factual state, introducing the user into error and 
preventing proper understanding of the issue.

1.	 Response incomprehensible, inconsistent, 
containing numerous language errors that prevent 
proper reading and interpretation of the content.

2.	 Information largely incorrect, containing isolated 
elements consistent with the facts, but the overall 
message remains incorrect.

2.	 Response with low language quality, containing 
numerous stylistic or grammatical errors that 
significantly hinder understanding of the content.

3.	 Information partially correct, but incomplete or 
containing significant gaps or omissions that may 
lead to ambiguity in interpretation.

3.	 Response understandable, but containing 
noticeable stylistic or linguistic issues that reduce 
the clarity of the message.

4.	 Information mostly factually correct, containing 
minor inaccuracies or omissions that do not 
significantly affect the overall correctness.

4.	 Linguistically correct and coherent response, fully 
understandable to the recipient, containing only 
minor stylistic or visual inconsistencies.

5.	 All provided information is complete, unambiguous, 
and fully factually correct, compliant with applicable 
rules and the current state of knowledge.

5.	 Clear, coherent, and linguistically correct response, 
fully adapted to the target audience and using plain 
language principles appropriately.

Table 2. Average values of the factual correctness assessment of responses for different question difficulty levels

RAG architecture Model Easy questions Medium questions Difficult questions Overall average

Naive RAG

27B 4.2 1.8 1.0 2.3

70B 4.3 1.7 1.0 2.3

120B 4.3 1.8 1.0 2.4

Hybrid RAG

27B 4.3 2.1 1.8 2.7

70B 4.4 2.2 1.9 2.8

120B 4.4 2.2 1.9 2.8

Self-RAG

27B 4.8 4.7 3.6 4.4

70B 4.8 4.8 4.3 4.6

120B 5.0 5.0 5.0 5.0

Table 3. Average values of the linguisticquality assessment of responses across different question difficulty level

RAG architecture Model Easy questions Medium questions Difficult questions Overall average

Naive RAG

27B 4.7 4.1 4.0 4.3

70B 4.7 4.2 4.0 4.3

120B 4.8 4.2 4.0 4.3

Hybrid RAG

27B 4.7 4.1 4.0 4.3

70B 4.8 4.3 4.0 4.4

120B 4.8 4.2 4.1 4.4

Self-RAG

27B 4.9 4.8 4.7 4.8

70B 5.0 4.9 4.7 4.9

120B 5.0 5.0 5.0 5.0
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1.8 to 1.9 were recorded, slightly above those of 
Naive RAG, yet still indicating largely incorrect 
or misleading responses, cf. Table 2. It is worth 
emphasizing that in the case of medium and dif-
ficult questions, the marginal improvement over 
Naive RAG should be interpreted with caution. 
While Hybrid RAG more frequently attempted 
to provide a substantive response, the generated 
answers were often partially correct or introduced 
factual inaccuracies, which from the perspective 
of the end user may be considered more problem-
atic than an explicit refusal to answer. Linguistic 
quality scores for Hybrid RAG were comparable 
to those of Naive RAG, ranging from 4.7 to 4.8 
for easy questions, 4.1 to 4.3 for medium ques-
tions, and 4.0 to 4.1 for difficult questions, cf. 
Table 3. Analogously to Naive RAG, when the 
system returned a refusal message, a linguistic 
quality score of 4.0 was assigned due to the lim-
ited scope of such outputs.

Self-RAG demonstrated a marked and con-
sistent performance advantage over both static 
architectures across all evaluated dimensions. 
For easy questions, factual correctness scores 
ranged from 4.8 to 5.0 depending on the model, 
and for medium questions, from 4.7 to 5.0. 
Notably, Self-RAG was the only architecture 
capable of generating correct responses to diffi-
cult questions, with scores of 3.6, 4.3, and 5.0 
for Gemma 3 (27B), Llama 3 (70B), and gpt-oss 
(120B), respectively, cf. Table 2. Linguistic qual-
ity scores were consistently high across all dif-
ficulty levels, ranging from 4.7 to 5.0, reflecting 
both the general fluency of the models and the 
positive impact of richer, more precisely targeted 
context on response coherence and structure, cf. 
Table 3. Among all evaluated configurations, the 
combination of the Self-RAG architecture with 
the gpt-oss (120B) model achieved the highest 
scores on both evaluation criteria across all ques-
tion complexity levels, confirming its superiority 
as the most capable configuration examined in 
this study. The scores assigned by the two inde-
pendent evaluators demonstrated a high degree 
of consistency throughout the evaluation. The 
level of agreement between the evaluators was 
quantified using the kappa coefficient [26], yield-
ing a value of к = 0.82, which indicates almost 
perfect agreement between the evaluators. Fur-
thermore, no individual assessment differed by 
more than one point on the adopted five-point 
scale, confirming the reliability and stability of 
the evaluation process.

Regarding the influence of model parameter 
scale on factual correctness, differences were 
relatively minor for easy and medium questions 
across all architectures, where larger models dem-
onstrated only a marginal advantage. For difficult 
questions, however, and particularly within the 
Self-RAG architecture, the advantage of larger 
models became substantially more pronounced. 
In this context, the gpt-oss (120B) model outper-
formed its smaller counterparts by a considerable 
margin, suggesting that tasks requiring multi-step 
reasoning and the integration of dispersed infor-
mation benefit significantly from greater model 
capacity. In terms of linguistic quality, differenc-
es between models were similarly small across 
all difficulty levels. The primary determinant of 
response quality in this regard was the visual 
structuring of the output and the clear highlight-
ing of key information, as textual coherence was 
maintained consistently across all models. Nev-
ertheless, larger models demonstrated a slightly 
superior ability to organize and present infor-
mation clearly, particularly for more complex 
queries. An illustrative example of a response to 
a medium question related to recruitment docu-
ments is presented in Figure 7.

The most consistent finding of this study is 
the substantial performance advantage of Self-
RAG over both Naive RAG and Hybrid RAG 
across all evaluated configurations. This advan-
tage is most clearly attributable to the adaptive 
retrieval and generation control mechanisms 
introduced by the Self-RAG architecture. In con-
trast to static approaches, in which a fixed number 
of context fragments is retrieved once per query 
and passed directly to the generative model, Self-
RAG iteratively evaluates the sufficiency of the 
retrieved context and initiates additional retriev-
al calls when necessary. This dynamic behavior 
proved particularly consequential for medium 
and difficult questions, where a single retrieval 
pass consistently failed to assemble the dispersed 
information required for a complete response.

A notable observation is that the inability to 
adapt retrieval to varying informational demands 
constitutes a structural limitation inherent to static 
architectures, one that cannot be compensated by 
simply increasing model capacity, as the bottle-
neck remained the insufficiency of the retrieved 
context rather than the reasoning capacity of the 
model. Larger models (gpt-oss 120B) did not 
yield substantially better results than smaller 
ones (Gemma 3 27B and Llama 3 70B) within 
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the Naive RAG and Hybrid RAG configurations, 
despite the considerable difference in parameter 
count. Unlike standalone language models that 
can fall back on parametric knowledge, RAG sys-
tems are fundamentally dependent on the qual-
ity and completeness of the retrieved context at 
inference time, making a well-designed retrieval 
module the core determinant of system reliability.

Conversely, within the Self-RAG architec-
ture, where sufficient context was assembled 
through iterative retrieval, model scale became 
a decisive factor specifically for difficult ques-
tions. The gpt-oss (120B) model achieved perfect 
scores on both evaluation criteria, while smaller 
models produced partially incorrect or incom-
plete responses. This pattern suggests that once 

the retrieval bottleneck is resolved, advanced 
reasoning capabilities become a necessary com-
plement to effective retrieval control, particu-
larly when the retrieved context is extensive and 
demands sophisticated interpretation. These two 
factors, effective retrieval control and sufficient 
model capacity, are jointly necessary for reliable 
performance on complex and demanding infor-
mation retrieval tasks.

With respect to linguistic quality, differences 
across all evaluated architectures and models 
were comparatively minor, reflecting the gen-
eral ability of modern language models to pro-
duce coherent and fluent responses regardless of 
the underlying retrieval mechanism. For difficult 
questions, however, larger models demonstrated 

Figure 7. Example Self-RAG response using gpt-oss (120B) for a medium question



190

Advances in Science and Technology Research Journal 2026, 20(11), 178–192

superior ability to organize and present complex 
information clearly, which was reflected in higher 
linguistic quality scores for the Self-RAG archi-
tecture combined with the gpt-oss (120B) model.

A noteworthy methodological contribution of 
this study is the demonstration of the viability of 
the zero-shot variant of Self-RAG. In the original 
formulation, reflection tokens are embedded into 
the model weights through supervised training 
on annotated data, requiring the construction of 
a dedicated labeled dataset and a separate critic 
model. In the present work, reflection-based eval-
uation was performed by the generative model 
itself at inference time through dedicated prompts, 
without any domain-specific fine-tuning.

The evaluation results confirm that this simpli-
fied variant preserved the core adaptive properties 
of the Self-RAG architecture, including dynamic 
retrieval control and context quality assessment, 
at a level sufficient to yield substantially superior 
performance compared to static RAG approach-
es. These results demonstrate that the Self-RAG 
paradigm can be deployed effectively without the 
substantial annotation effort and computational 
cost associated with training a dedicated critic 
model, thereby reducing the barrier to adoption 
and increasing deployment flexibility.

The reliability of the zero-shot reflection 
mechanism is however conditional on the genera-
tive model correctly assigning reflection tokens 
in response to evaluation prompts. The model 
may, for instance, incorrectly mark an irrelevant 
passage as relevant, or fail to trigger retrieval for 
a query that clearly requires it. Regular expert 
review of token assignment quality is there-
fore a necessary component of any production 
deployment, and where systematic errors are 
identified, iterative adjustment of the reflection 
prompts provides an effective corrective mea-
sure. More broadly, these findings reflect a wider 
trend towards agentic AI architectures, in which 
systems autonomously manage complex multi-
step tasks with minimal human intervention. The 
increasing maturity of self-correcting and self-
evaluating mechanisms suggests a future direc-
tion in which human oversight becomes less bur-
densome, with experts serving primarily as high-
level supervisors rather than active participants in 
each individual decision.

The results of this study also carry a direct 
practical implication, namely that the selection of 
a RAG architecture should be guided by the spe-
cific requirements of the target application rather 

than by a default preference for more complex 
solutions. For applications in which the majority 
of user queries are factual and can be answered 
from a single document fragment, Naive RAG or 
Hybrid RAG may provide a sufficient and con-
siderably more resource-efficient solution. In the 
context of the ChatMIT system, the presence of 
medium and difficult recruitment queries made 
the adoption of Self-RAG clearly justified, as the 
additional latency overhead is acceptable when 
response correctness and completeness take pre-
cedence over speed. Notably, even for the most 
complex queries, response times did not exceed 
a few seconds within the ChatMIT deployment 
environment. In other deployment scenarios, 
careful empirical assessment of query complex-
ity and retrieval requirements should nonethe-
less precede architectural decisions. Moreover, 
the highly repetitive and predictable nature of 
recruitment inquiries creates near-ideal condi-
tions for conversational AI automation, making 
RAG-based systems particularly well-suited for 
institutional deployment at scale.

Beyond the specific context of this study, the 
superiority of Self-RAG reflects a wider trend 
in which the critical evaluation of information 
is becoming a fundamental requirement for AI 
systems deployed in information-sensitive con-
texts, driven by the exponential growth of avail-
able information and the increasing presence of 
AI-generated content. The key challenge in this 
regard is not whether to incorporate human-
in-the-loop oversight, but how to design work-
flows that make such involvement practical and 
scalable. One promising direction is AI-assisted 
human review, a human-in-the-loop framework in 
which an automated mechanism performs an ini-
tial assessment of response quality and flags cases 
requiring attention, while a human expert serves 
as the final verifier, reducing the cognitive burden 
on reviewers without sacrificing oversight.

Limitations 

The evaluation was conducted using a set of 
70 test questions, with difficult questions under-
represented in the original dataset and partially 
supplemented by recruitment specialists. While 
this allowed for a meaningful assessment within 
the studied domain, the overall size of the test 
set limits the statistical robustness of the conclu-
sions, particularly for the difficult question cat-
egory. Furthermore, the system was evaluated 
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exclusively within a single institutional domain, 
namely undergraduate admissions at one faculty. 

Retrieval parameters, including chunk size, 
overlap, and the number of retrieved fragments, 
were deliberately fixed across all evaluated con-
figurations to ensure comparability of results. 
Although preliminary experiments indicated that 
parameter modifications did not yield meaningful 
improvements in retrieval effectiveness, adaptive 
chunking strategies represent a promising direc-
tion for future work. Dynamically adjusting chunk 
size and granularity based on query characteris-
tics or document structure could further improve 
retrieval effectiveness, with hierarchical indexing 
approaches representing a particularly promising 
option for queries requiring both broad contextual 
understanding and precise factual extraction. 

The system prompt was intentionally unified 
across all architectures and language models to 
maintain experimental consistency, which pre-
cluded architecture-specific prompt optimization. 
Although preliminary tests indicated that such 
adjustments did not produce substantial improve-
ments in response quality, this aspect was not 
systematically investigated and represents a limi-
tation of the present study. More targeted prompt 
engineering, particularly for the Self-RAG archi-
tecture given its distinct generation control mecha-
nisms, therefore constitutes a promising direction 
for future research. Furthermore, the integration 
of significantly larger language models via API 
represents a natural extension of this work, which 
is feasible given that the knowledge base consists 
exclusively of publicly available institutional doc-
uments and does not contain any sensitive data. 

CONCLUSIONS

The results demonstrate that the choice of 
RAG architecture is the primary determinant of 
response quality, exerting a stronger influence 
than the scale of the language model, particularly 
for questions of low to medium complexity. Naive 
RAG and Hybrid RAG achieved satisfactory per-
formance exclusively for easy questions, with both 
architectures failing consistently on medium and 
difficult queries due to the structural limitation of 
static, single-pass context retrieval. The marginal 
improvement of Hybrid RAG over Naive RAG, 
while observable, should be interpreted with cau-
tion, as partially correct responses may mislead 
users more than an explicit refusal to answer.

Self-RAG demonstrated substantially superior 
performance across all evaluated dimensions and 
was the only architecture capable of generating 
correct responses to difficult questions. Its superi-
ority stems from the iterative retrieval mechanism 
and reflection-based generation control, enabling 
the system to dynamically adapt to the varying 
informational demands of different query types. 
These findings confirm that the critical evaluation 
of retrieved context is a decisive factor in RAG 
system design. While architectural choice proved 
to be the primary determinant of response quality, 
model scale emerged as a decisive complemen-
tary factor within the Self-RAG architecture, par-
ticularly for questions of higher complexity. The 
combination of Self-RAG with the gpt-oss (120B) 
model achieved perfect scores on both evaluation 
criteria across all question complexity levels, con-
firming its suitability for production deployment in 
information-sensitive conversational systems.

A key methodological finding of this study is 
that the zero-shot variant of Self-RAG retains the 
core adaptive properties of the original architec-
ture, including dynamic retrieval control and con-
text quality assessment, at a substantially reduced 
deployment complexity. This finding has impli-
cations for the broader adoption of Self-RAG in 
domain-specific applications, as it eliminates the 
need for supervised training of a dedicated critic 
model and allows reflection-based evaluation to 
be applied to any capable generative model with-
out additional fine-tuning. The reliability of this 
approach remains however conditional on regu-
lar expert review of reflection token assignments, 
with iterative prompt adjustment serving as an 
effective corrective measure where systematic 
errors are identified.

The findings of this study underscore that 
architectural decision-making in RAG-based con-
versational systems should be guided by a careful 
assessment of query complexity distribution, the 
informational structure of the knowledge base, 
and available computational resources, rather 
than by a default preference for either simplicity 
or sophistication.
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