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DEVELOPMENT OF AN APPROACH 

TO FORMING A FRAME-

BASED DICTIONARY FOR THE 

PERSONALIZATION OF AN 

EDUCATIONAL CHATBOT

The object of research is the process of functioning and using AI-based educational chatbots in the educational environment.  
The problem addressed in the research is the training of chatbots using dictionaries. The paper presents an approach to chatbot person-
alization through the use of a thematic dictionary and query adjustment with the help of prompts.

A frame-based model of a dictionary has been developed, which can be added to a chatbot as a PDF document. The frames represent 
the subject domain as a hierarchically organized system. User prompts and the processing of frame structures are integrated with the 
chatbot through thematic representations. This ensures flexible query formulation, scalability of dictionary resources, and the possibility 
of further expansion of the subject domain without violating the integrity of the language model.

Schemes for combining contextual projection of query interaction and dictionary search have been developed and substantiated.  
To implement prompts, an algorithm was designed based on the principle of a "marked bullet" selection of a term or expression. Chatbot 
personalization is achieved through the formation of a series of user-generated prompts.

Based on the results of experiments on adapting ChatGPT to users’ educational needs, frame-based dictionaries were implemented and 
tested. For the sequential dictionary implementation scheme, at an accuracy level of 10–6, the total computational complexity is approxi-
mately 4.67, while increasing the accuracy requirement to 10–8 reduces this value to 3.287. The hierarchical scheme, based on the frame 
organization of the dictionary and the use of TemaView, demonstrates comparable or lower complexity values (10–6 = 6.69 and 10–8 = 4.69).

The practical application lies in supporting the educational process through the use of personalized educational chatbots within 
learning systems.
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1. Introduction

A frame dictionary has a specific structure in which the mean-
ing of a word or concept is described through a frame [1]. A frame is 
a typical situation (scenario) with a set of roles (slots) and their possible 
values [2]. Research [3] proves the need for additional training of large 
language models (LLM) on FrameNet annotations, which allows to 
increase the accuracy of solving problems similar to those presented 
in [4], especially in conditions of using new or specialized data (out-
of-domain data).

The practical value of using frame dictionaries in additional train-
ing of LLM is to increase the accuracy of semantic interpretation of the 
text, reduce the ambiguity of lexical units and reduce the number of 
incorrect answers in specialized tasks. Due to the explicit representa-
tion of roles and relationships between entities, the model is able to 
more correctly identify the meaning of terms in context and generate 
more relevant answers. This is especially important for tasks similar 
to [4], where accurate interpretation of terms within a specific subject 
area is required.

Large language models themselves partially reflect frame semantics, 
forming consistent latent semantic structures that correspond to roles 

and event schemas [5]. However, the use of an explicit frame dictionary 
allows not only to limit the search for an answer to the subject area, but 
also to ensure controllability of interpretation, consistency of answers 
within the domain, and the possibility of explaining the obtained results 
through the frame structure. In addition, it contributes to the correct 
identification of the semantic frame for a word in context [6] and allows 
to operate with lexical meanings and cognitive loads represented in the 
frame structure.

Modern studies [7, 8] and reviews [9] confirm the need to adapt 
and personalize chatbots for educational and highly specialized tasks. 
In particular, in [9], "domain-specific fine-tuning" is clearly highlighted 
as a key practice for ensuring adequate and reliable answers. In  [10],  
it is emphasized that chatbots with artificial intelligence (AI), trained 
on LLM, are promising digital tools for the educational process. The 
use of frame dictionaries in the process of additional training allows to 
improve the quality of educational content, reduce the risk of forming 
false knowledge and ensure greater compliance of answers with educa-
tional goals, which directly determines the effectiveness of their practi-
cal application. One of the conceptual foundations of the use of (AI) in 
education is the paradigm of a person in the decision-making loop [11]. 
Accordingly, intellectualized systems do not act as a replacement for  
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a teacher or mentor, but as a tool to support learning. Within the frame-
work of this approach, the ability to control the process of generating 
chatbot answers, as well as ensuring transparency and pedagogical 
validity of educational content, becomes of particular importance.  
A promising direction for solving these problems is the combination 
of hint engineering with the use of knowledge-based systems [12]. The 
current direction is the use of mechanisms for controlling the genera-
tion of answers based on hints in combination with external formalized 
sources of knowledge [13, 14].

In particular, in  [15], a review of the use of chatbots with AI in 
higher education is carried out with an emphasis on personalized 
learning with content adaptation. At the same time, personalization is 
considered at the conceptual level without mechanisms for its imple-
mentation. Approaches based on specialized dictionaries and guided 
prompts are not analyzed. Therefore, practical implementation at the 
user level of a chatbot with generative AI is impossible.

In [16], an approach to creating an educational chatbot with adap-
tive functions is proposed. Personalization of learning occurs based 
on testing results and user behavior. The main emphasis is placed on 
algorithmic adaptation of learning scenarios. However, personaliza-
tion through dictionaries or prompt templates is not considered, as the 
system uses predefined pedagogical rules.

In [17], the methodology for creating a personalized learning en-
vironment with an AI-based chatbot is considered. However, person-
alization tools (dictionaries, prompts, terminology management) are 
not considered.

In [18], personalization is interpreted as adapting content to learn-
ing progress. The mechanisms for personalizing language interaction 
through dictionaries and prompts are not analyzed due to different 
principles for building the analyzed chatbots.

In  [19], the Selective Prompting Tuning method is proposed for 
personalized dialogues with LLM by selecting relevant prompts. At the 
same time, the educational context and the use of subject dictionaries 
are not considered. The research is of a general-model nature without 
specifying the technology for implementing the method.

In  [20], an approach to personalized response generation using 
adaptive queries is presented. However, dictionaries as a separate peda-
gogical tool for the chatbot action scenario are not analyzed. The focus 
of the work is on general-purpose dialogue systems. Practical imple-
mentation at the user level is possible, but inefficient.

In  [21], the creation of personalized prompts for a chatbot with 
generative AI is considered. However, the main emphasis of the work is 
on the creation of methodological recommendations for the develop-
ment of educational content using chatbots with AI.

The analyzed works demonstrate a growing interest in the person-
alization of chatbots in education. At the same time, none of the studies 
offers a formalized approach to combining specialized dictionaries and 
structured prompts. As follows from the analysis of sources, there is 
a question of implementing a technology that will allow using chatbots 
in a personalized way at the level of an individual user. This determines 
the scientific need and justifies the relevance of further research.

The aim of research is to develop an approach to forming a frame 
dictionary for personalizing a chatbot based on generative artificial 
intelligence, which is accessed based on guided prompts. The LLM use 
in education is accompanied by a number of limitations associated with 
the variability of terminology and the lack of adaptation to the level of 
user training. For educational scenarios, such shortcomings are critical, 
as they can lead to the formation of incorrect ideas. This necessitates 
the transition from autonomous generative solutions to approaches 
focused on direct human-intelligent system interaction based on  
hint engineering.

To achieve the aim, the following objectives were set:
–	 to build a frame model of a dictionary that can be added to 
a chatbot with generative AI as a PDF document;

–	 to provide schemes for combining contextual search projec-
tion and query word comparison depending on the construction 
of user hints;
–	 to provide an algorithm for implementing the formation of hints 
for chatbot personalization;
–	 to experimentally confirm the effectiveness of the approach to 
chatbot personalization based on the use of a frame dictionary.
Thus, solving the problem of chatbot personalization using a frame 

dictionary and special hints is relevant. This will allow for the coordina-
tion of the user’s work, taking into account their cognitive characteris-
tics and the learning speed of the AI model to obtain a personalized 
assistant-mentor.

2. Materials and Methods

The object of research is the process of functioning and use of edu-
cational chatbots based on artificial intelligence in the educational 
environment.

The subject of research is personalization of the work of an educa-
tional chatbot by using a frame dictionary with response generation 
controlled by hint engineering.

The main hypothesis of research: the effectiveness of chatbot per-
sonalization for educational needs depends on the formalization of the 
thematic dictionary as a controlled semantic resource. Control and 
interaction with an AI-based chatbot occurs using prompts – a text 
query or instructions (prompts). In this case, there is no intervention 
in the parameters of the language model.

The work is simplified by the fact that a specialized dictionary is 
considered in the form of a PDF document. It contains structured diction-
ary articles with definitions, contexts of use or recommendations for the 
pedagogically correct use of terms. Such a dictionary is used as an external 
semantic resource when forming prompts for an educational chatbot, 
which allows for personalized learning. Such simplification ensures re-
producibility of results, methodological transparency and the possibility 
of adapting the chatbot to different educational scenarios personally for 
a specific user. This is due to two components of research – a person in 
the decision-making loop and a knowledge-based system. For a human 
user, a PDF document simplifies the implementation of interaction with 
the chatbot. It also allows for formalization of hint engineering processes 
based on a combination of terms from dictionary tables.

The user implements the task of personalized learning using 
a chatbot, which it uses as a search or reference system for a specific 
educational topic. This is due to the fact that most existing chatbots are 
focused on supporting the fulfillment of individual educational needs, 
rather than on comprehensive personalization of learning (Table  1).

Based on Table  1, only some solutions (primarily ChatGPT and 
Claude) have sufficient functional potential to implement pedagogi-
cally meaningful personalization. Their key advantage is the ability to 
control the generation of answers using structured prompts and the use 
of specialized dictionaries, which allows to adapt the terminology, style 
of explanation and level of complexity. In addition, ChatGPT allows 
the user to define the didactic role of the chatbot (tutor, consultant, ex-
aminer). At the same time, other universal chatbots, focused mainly on 
search or office support, demonstrate limited suitability for educational 
scenarios. They do not support deep semantic personalization and 
control of the pedagogical context. Therefore, ChatGPT 5.2 Plus (In-
stant) was chosen for the research. The use of the frame method of 
presenting knowledge is due to the peculiarities of displaying stereo-
typical educational situations. The frame consists of characteristic cells. 
Therefore, the frame can be presented either in a complex way – in the 
form of ontologies, or simplified, as a table or structured linked text. 
For example, the frame "geometry" will contain cells: square, triangle, 
circle, trapezoid. There are sample frames (prototypes) and instance 
frames (specific situations).
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To solve the problems set, it is assumed that the dictionary is a reg-
ister that has qn cells of unit length. They are located on a straight line 
with coordinates 0 1� �qn  (q – the alphabet of the formation of diction-
ary words, n – the number of dictionary words a1…an). The ordering is 
carried out by q = 26 – letters of the English alphabet, without taking 
into account the case. The number of dictionary words n = 4000 (terms 
without explanations). Part of the cells in the amount of N are active –  
for them the combination of words a1…an corresponds to the user’s 
request for a specific educational need.

In this research, it is important to distinguish between a domain frame 
model and a dictionary frame model. A domain frame model describes 
a generalized knowledge structure independent of the user. A dictionary 
frame model is its applied interpretation, focused on a specific user or 
group of users. Accordingly, the same domain can be represented by a set 
of dictionary frame models, each of which reflects the individual learn-
ing trajectory, level of training and cognitive characteristics of the user.

In this experiment, the labor intensity H is understood as the aver-
age number of elementary actions required to complete the personal-
ization process, in particular, entering hints to obtain the correct and 
most accurate answer.

The research was conducted using universal personal computers. 
The hardware consisted of an Intel Core i7 central processor (USA), 
32  GB of DDR4 R AM, an NVIDIA GeForce RTX 3060 graphics 
adapter with 12 GB of video memory (USA), and a 1 TB NVMe SSD 
solid-state drive. This configuration provided the necessary computing 
resources to form a specialized dictionary and perform experimental 
studies using language models.

The Windows 11 Pro operating system (Microsoft, USA) was used 
as system software. The generalization and analysis of the experimental 
test results were carried out using MS Excel. The main programming 
language within the research was Python 3.10 (USA). NumPy 1.24, Pan-
das 2.0, and spaCy 3.7 libraries (USA, Germany) were used to imple-
ment algorithms and process data. An experimental assessment of the 
effectiveness of the specialized dictionary was performed using large 
language models via the OpenAI API (USA). The development and 
verification of the correctness of dictionary resources were carried out 
in the Visual Studio Code 1.85 environment (USA).

3. Results and Discussion

3.1. Frame model of the dictionary
The frame model of the dictionary (F-model) can be represented 

by text or a table. The distribution of individual cells (words) can be 
random or systematic. For the values N, q, n, the condition N > 1, qn > N 
must be satisfied. This implies that the probability r that an arbitrary 
cell of the dictionary with parameters N, q, n is used in the query is 
equal to N/qn. In this case, r < 1, and the complexity H for forming the 

query and obtaining an adequate answer is minimal. In this case, the 
parameters N, q, n may not fall under the possible choice of the user.  
In this case, hints А1, … AN are created, which help to find in the dic-
tionary the corresponding combinations of words a1…an, according to 
which a clarification is formed regarding the search for information on 
the query using the dictionary page m.

Personalization of an educational chatbot can be represented not 
only on the basic frame model of knowledge representation, but also on 
the construction of individualized frame models of dictionaries, which 
are adapted subsets of this model. Such dictionaries are formed taking 
into account the level of training of the user, its educational goals and 
the context of use, which allows to control the process of generating 
chatbot responses in a personalized mode.

The basic frame model of the subject area can be represented as a set

F-model = {Fi, Slotik, Rel},	 (1)

where Fi – frames corresponding to separate thematic sections of the 
subject area and may include one or more concepts; Slotik – frame slots 
that reflect the terms of the corresponding sections and can acquire 
certain values; Rel – a set of relations between frames that define their 
semantic and hierarchical connections.

The frame model of the dictionary can be formed as a subset and 
projection of this model:

–	 by selected frames (topics);
–	 by a subset of slots (terms);
–	 taking into account the specified values and user restrictions.
Thus, the F-model of the dictionary is an adapted configuration of 

the basic model of the subject area, which is used directly in interaction 
with the chatbot.

Within the frame model, frames play the role of entities, and slots 
play the role of attributes, which allows to abandon the classical rela-
tional interpretation of objects and characteristics in favor of a more 
flexible and semantically rich knowledge structure. This is especially 
important for educational chatbots, where it is necessary to take into 
account the context, level of training and learning goals of the user.

Frames and slots in the model should be ordered according to their 
importance (priority) indicators, which are determined by experts on 
a discrete scale of 1, 2, 3, …, n. The root element of the structure will 
be the main frame, which corresponds to the basic thematic section of 
the subject area. Other frames are placed hierarchically depending on 
the increase in their weight coefficients. A similar ordering principle is 
applied to slots within each frame, which will ensure an unambiguous 
place for each term in the overall structure.

As a result, a tree of the importance of the sections of the subject 
area and their terms will be formed. The root frame will reflect the key  
educational topic. Such a formation of the sections of the subject area can 

Table 1

Comparative characteristics of chatbots for educational needs

Universal chatbot Model type Educational opportunities
Personalization 

support

Working with  

dictionaries

Working with 

prompts

Pedagogical 

potential

ChatGPT Generative LLM
Explanation of material, 

tutoring, text analysis, testing
High

Yes (via built-in or 

external dictionaries)

High (role, style, 

difficulty level)
Very high

Claude Generative LLM
Explanation, working with 

large texts, academic writing
Medium-high Limited

High (contextual 

prompts)
High

Gemini Multimodal LLM
Explanation, interdisciplinary 

responses, STEM
Medium Limited Medium Medium-high

Microsoft Copilot LLM + office services
Support of educational mate-

rials, working with documents
Medium No Medium Medium

Perplexity AI LLM + search
Search and explanation of 

sources, literature reviews
Low-medium No Low Limited

YouChat LLM + search Brief explanations, reference Low No Low Low
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be presented as a table, in the form of a PDF document. PDF will re-
cord a single controlled version of knowledge. PDF document is a plat-
form-independent standard. Such a structure becomes appropriate as 
a basis for personalized user interaction with an educational chatbot.

When working with the system interface, the user gains access to 
an importance tree from which it can select the necessary thematic 
sections and terms of the subject area, set the values of individual slots 
and form query conditions. Based on this data, the chatbot accesses 
the PDF dictionary document and generates a personalized result. For 
example, these can be the values of the searched terms or educational 
explanations adapted to the given context.

It is proposed to combine user prompts and frame structure process-
ing in working with the chatbot using virtual tables – thematic representa-
tions (TemaView). This will ensure flexible query formation, scalability 
of dictionary resources and the possibility of further expansion of the 
subject area without violating the LLM integrity. The scheme of interac-
tion of frame dictionary objects and user prompts is shown in Fig.  1.

The ThemeView will be processed not as a regular table, but as 
a contextual projection of the frame model of the dictionary (and not 
the entire subject area). Each ThemeView will correspond to a specific 
dictionary configuration formed for the current user or educational 
task. The general processing logic is as follows:

1) selecting a topic/subtopic from the PDF dictionary document, 
while activating the corresponding ThemeView;

2) filtering frames and slots by priorities, user level, learning goals;
3) filling slots with values from the PDF dictionary document or 

from the current query;
4) context formation – a structured system of prompts for generat-

ing a response by the chatbot.
Educational priorities may require the use of a number of dictionaries 

of thematic representations of individual areas. Each thematic representa-
tion corresponds to a separate frame of the subject domain frame model, 
and its attributes are interpreted as slots of the corresponding frame. 
The content of TemaView is formed dynamically based on information 
stored in dictionaries. Such a mechanism will ensure the relevance and 
integrity of the knowledge used by the educational chatbot in the process 
of generating personalized answers. In addition, such a dictionary can 
be formed individually by a teacher (lecturer, tutor) with subsequent 
transfer to students for personalization of the educational chatbot. Thus, 
the subject domain frame model will act as the basic ontological struc-
ture of knowledge, while the dictionary frame model will be its applied 
implementation, which ensures personalization of interaction with the 
chatbot. The presence of a set of such dictionaries allows to adapt the 
system to different users without changing the basic model, which is a key 
condition for scalability and effective LLM use in the educational process.

3.2. Schemes for combining contextual projection of search and 
comparison of query words depending on the construction of hints

The creation of TemaView is carried out in accordance with pre-
defined dictionary rules that regulate their identification, ordering and 
integration into the general structure of frames. Such rules include the 
naming rule, the numbering rule and the connection rule.

The naming rule involves assigning each TemaView a unique name, 
which allows it to be uniquely identified at the level of database objects, 
in particular tables, representations and procedures, on the basis of 
which the software implementation of the educational chatbot func-
tions. In the name structure, it is proposed to use a fixed prefix, for 
example "TV ", which consists of the first two or three words selected 
from the dictionary. The number of initial words can vary, because this 
does not affect the unification and convenience of processing.

The numbering rule consists in including a numerical identifier in 
the TemaView name, which is placed after the prefix. The value of this 
identifier corresponds to the importance indicator of the correspond-
ing frame in the frame model. This approach allows to form a tree of 
the importance of thematic sections of the subject area and use it in the 
interface of the educational chatbot to control the depth and sequence 
of presentation of educational material.

After the prefix and numerical identifier, an arbitrary name should 
be used in the TemaView name, which reflects the content of the cor-
responding thematic section. A short name can be used for convenience 
of work at the level of application logic, while the full name of the 
representation is proposed to be used directly in the dictionary. Such 
a naming structure contributes to the transparency of the architecture of 
the frame dictionary and simplifies the integration of thematic represen-
tations into the personalization mechanism of the educational chatbot.

There are two possible schemes for combining TemaView when 
interacting with objects for personalizing the chatbot – sequential and 
hierarchical. The sequential TemaView (TV ) scheme is a network by 
the ID key (Fig. 2), for example, according to the description of page m 
of the dictionary.

ID ID ID ID 

TV1 TV2 TV3 TVmTV4
… 

Fig. 2. Sequential scheme of combining TemaView

As a result, when combining all TemaViews, the relation Q is ob-
tained, which can be represented in disjunctive form

Q TV TV TV TV TV TV TV TV
U TV TV

m m
m

i i

� � � � � � � � � �

�
�

�

1 2 2 3 3 4 1

2 1

...
· , 	 (2)

where i = 2, …, m. This is due to the fact that the operation 
is performed on pairs of adjacent thematic representations; 
T Vi–1  ⋅  T Vi – a conjunction that holds tuples formed as 
a result of the Cartesian product of relations that satisfy the 
equality condition for the common key ID; U – the forma-
tion of a combination of words on a dictionary page.

The disjunction is formed as a result of the application 
of the left outer join operation, within which the resulting 
relation includes tuples with unspecified attributes of the 
right parts of the conjunctions (with NULL values). During 
the implementation of model (2), the user’s query deepens 
from simple to complex. Clarifications are formed gradu-
ally, and the question receives a detailed answer taking into 
account each subsequent hint.

The disadvantage of this scheme is that the absence of 
data in any of the TemaViews leads to a break in the chain 
and the inaccessibility of its further right part. That is, data 
from all TemaViews located to the right will not be selected.

Frame dictionary 

.   .    . А1 A2 

Virtual hint table 

..

..
..

..

……

.   .   .

… …

Chatbot 

Fig. 1. Thematic representation of the interaction of frame dictionary objects and user 

prompts when personalizing a chatbot
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To select any or all tuples using dictionary data, it is worth form-
ing hints to create a hierarchical scheme of combining TemaViews.  
In such a scheme, all TemaViews are combined with one main Tema-
View by the key ID. This scheme will be a directed graph G of the "fan" 
type, consisting of a main root vertex of degree m – 1 and m – 1 hanging 
vertices (leaves) of the first degree (Fig. 3).

ID ID ID ID 

TV1 

TV2 TV3 TVm TV4 … 

Fig. 3. Hierarchical scheme of TemaView connection

Graph G is a bipartite graph that models the relationship between 
the main TemaView – TV1 (root frame, common section of the diction-
ary) and other TemaView (frames, thematic sections). If the dictionary 
contains data, then T V1 will also be non-empty. The vertex cover (the 
minimum number of vertices connected to all other vertices) of such 
a graph is 1. Therefore, it can be argued that it is the optimal option 
for representing the structure of a frame dictionary, since it provides 
the possibility of relatively simple and shortest access to the data of all 
TemaViews connected to the common vertex TV1. The edges of graph G  
are the common key ID, which is used to connect all TemaViews.

Adding a new frame or removing an existing one in the user inter-
face will be interpreted as adding a new vertex to graph G or removing 
an existing one. The result of such a connection is a relation in disjunc-
tive normal form

Q TV TV TV TV TV TV TV TV
U TV TV

m
m

i

� � � � � � ��� � �

�
1 2 1 3 1 4 1

2 1 · , 	 (3)

where i = 2, …, m.
The disjunction will be formed as a result of the application of the 

left outer join operation, within which the resulting relation includes  
Q tuples with unspecified attributes of the right parts of the conjunc-
tions T V1  ⋅  T Vi (NULL values). The table of such a dictionary will 
contain the main term and subordinate or related terms by a common 
attribute (regarding the subject, topic, object of research).

3.3. Algorithm for generating hints for chatbot personalization
The proposed framework model of knowledge representation 

and the thematic representation mechanism create a formalized basis 
for implementing hint engineering for personalizing an educational 
chatbot. Within this approach, TemaView plays the role of an interme-
diate semantic layer between the structured knowledge of the subject 
area and the generative language model, providing controlled context 
formation for generating answers.

Each TemaView, corresponding to a separate frame of the frame 
model, aggregates relevant slots and their values, formed taking into ac-
count the priority of frames, user parameters and the current educational 
query. The result of TemaView processing will be a structured topic con-
text, which is directly used to build a prompt. Unlike static or universal 
prompts, such a prompt will be dynamic in nature and is formed auto-
matically based on the current state of the frame dictionary. The graph 
organization of TemaView in the form of a bipartite graph with the root 
vertex TV1 (Fig. 3) will provide effective management of the complexity 
of the prompt. Thanks to the use of a common ID key and left outer join 
operations, it becomes possible to form disjunctive contexts in which 
the absence of data in individual frames does not block access to other 
thematic representations. This will allow to gradually expand or refine 

the prompt during the dialogue, implementing the principle of gradual 
deepening of the query and even expanding or deepening the topic taking 
into account the TV1 probability when forming the user’s query.

The process of forming a query based on a frame dictionary can 
be defined as displaying data at the input, processing it, and presenting 
data at the output.

The input will include:
–	 initial thematic representation (base word, expression, or set  
of terms);
–	 a set of possible dictionary cells;
–	 search parameters (permissible error probability, user level);
–	 current query context.
The processing process will include:
–	 iterative selection of options ("ballbox");
–	 application of user prompts;
–	 filtering options according to the frame structure;
–	 checking the conditions for completing the process.
Then the output may be an identified term or set of terms, a mes-

sage about the absence of a result, or a refined user query.
Provided that T V1 is available in the dictionary (a base word, ex-

pression, a selection of terms), this process is expedient to describe as 
a formalized search process with defined input data, processing rules 
and execution results. This can be implemented in the form of a "tagged 
ball" algorithm:

Step 1. Check the TV1 presence in the dictionary. If TV1 is available, 
then the deterministic ("tagged") ball is previously placed in the urn and 
the transition to Step 2 is made.

If TV1 is absent, then the "tagged" ball is not added, and the process 
also proceeds to Step 2.

Step 2. At iteration and, a random selection of balls from the set of 
possible options (cells of the dictionary) is performed. The number of 
selected balls q is determined.

Step 3. If q = 0, i. e. no ball was selected (the corresponding cell of 
the dictionary is absent), then:

–	 in the case when the "tagged" ball was previously added, the pro-
cess is terminated;
–	 otherwise, return to Step 1 to refine the query.
Step 4. If q > 1, i. e. more than one ball is selected, the process con-

tinues: the user is given a hint to refine the query, after which the transi-
tion to Step 2 is made.

Step 5. If q = 1, i. e. exactly one ball is selected, then:
–	 if it corresponds to a "marked" ball, the process ends with a cor-
rect result;
–	 if it is "falsely marked", the process ends with a false positive re-
sult, and a new user query is formed.
Step 6. Completion of the algorithm.
The proposed algorithm will provide a procedural implementation 

of the specified process and allow its formalized execution within the 
user’s interaction with the chatbot. When personalizing a chatbot using 
a dictionary with hints, there are three possible scenarios. In this case, the 
complexity of the personalization work H and its calculated components 
are taken into account with a superscript "3". This can be written as follows:
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In model (4) for m2  the third group factor will determine the prob-
ability that the process did not end at steps 1, 2,  ….  i–1. The second 
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factor will determine the conditional probability that the process ended 
at step and false positive, and the first – the number of words analyzed 
in this case.

3.4. Experimental results and their discussion
The TemaView processing process can be initiated by selecting 

a topic or subtopic of the subject area of the dictionary in accordance 
with the user’s educational request. At this stage, the corresponding the-
matic representation is activated, within which the selection of frames 
is carried out taking into account their priority, determined by expert 
means when developing such a dictionary. Frame priorities allow to 
adjust the depth and complexity of the educational material, which is 
an important factor in personalizing educational content for users with 
different levels of training.

Further processing of TemaView involves filtering slots inside 
the selected frames. Slots are considered as carriers of terms and 
parameters of the subject area, the values of which can be explicitly 
specified by the user or automatically determined based on its profile, 
interaction history and current query context. This ensures adapta-
tion of educational material to individual educational needs, learning 
style and goals.

As a result of processing the thematic representation, a structured 
topic context is formed, containing an ordered set of frames, slots and 
their current values. This context is used as an intermediate model 
between the frame dictionary and the response generation module of 
the educational chatbot. Thanks to this approach, the amount of irrel-
evant information is reduced, the semantic consistency of responses is 
increased and the risk of incorrect generation of educational content 
is reduced.

From a technical point of view, TemaView processing can be imple-
mented both at the level of the database management system in the 
form of virtual representations and at the level of the application logic 
of the chatbot. Within the framework of the applied implementation of 
TemaView, it is advisable to present it in the form of data structures suit-
able for further processing and integration with language models, which 
ensures scalability and extensibility of the frame dictionary without 
violating the integrity of the general knowledge model.

The structured topic context formed on the basis of TemaView is 
used to build a controlled input query to the language model, which al-
lows directing the process of generating answers within a given subject 
area. This approach provides a combination of formalized knowledge 
of the frame dictionary with the capabilities of generative AI and creates 
the basis for the implementation of a personalized educational chatbot 
with predicted behavior and pedagogically justified results.

Tables 2 and 3 show the results of the experiment on the personal-
ization of the chatbot based on the formed frame dictionary.

Table 2 presents the results of experimental evaluation of the use of 
a sequential dictionary formation scheme in chatbot personalization. The 
indicators q of the number of variants (dictionary cells) corresponding 
to the current query at the kth step, the total number of cells n, the num-
ber of target cells N of the dictionary and the probability r of selecting 
a relevant cell at one step are considered. Columns with numbers 1–8 
correspond to the sequential steps of forming clarifying hints. The cor-
responding cells contain the threshold values of the probability of error 
after each step, which are used to indirectly estimate the probability of 
completing the search process. The rows correspond to the specified 
threshold values of the probability of error (10⁻6 and 10⁻8), which deter-
mine the permissible level of risk of misidentification of the term.

Thus, Table  2 shows how the distribution of the marginal error 
probabilities changes during the query refinement process, which in-
directly characterizes the probability of completing the search in the 
chatbot adaptation process depending on the number of terms entered 
and the specified dictionary correspondence. This allows not only to 
algorithmically adapt training scenarios, similar to  [16], but also to 
implement prompt templates specific to a particular user.

The analysis of the values shows that for small step numbers (1–4), 
the probability of completing the process is close to zero. This means 
that after entering only a few refinements, the dictionary still contains 
a significant number of variations and the answer may be inaccurate. 
Starting from steps 5–7, there is an increase in the values of the marginal 
error probability, which corresponds to the transition to the zone of 
choice certainty and the actual completion of the search process. This 
indicates a significant narrowing of the set of possible terms, which 
deepens the results presented in the works [17, 19].

In particular, at the 6th–7th step, there is a concentration of values 
that meet the boundary conditions for the completion of the process (val-
ues of the order of 0.35–0.71 and 0.28–0.63, depending on the parame
ters). This means that it is at this stage that the typical completion of the 
search in the sequential scheme occurs and the chatbot is personalized to 
the user’s needs. The probabilities at the 8th step and further decrease sig-
nificantly, which indicates a small number of cases when more extended 
prompts are required to uniquely identify the term.

Table 3 presents the results of experimental evaluation of the hi-
erarchical chatbot personalization scheme based on the use of a frame 
dictionary and thematic representations. Unlike the sequential scheme, 
in this case the search and identification process of the term is carried 
out taking into account the hierarchical structure of the frames and 
their priorities, which allows to significantly reduce the search space.

Table 2

Probability distribution �1
3 i� � : sequential scheme

Dictionary r N
n

1 2 3 4 5 6 7 8

q = 26

n = 4000

10
–6

1.1 ∙ 10
6

0 0 36е
–15

0.35043 0.62862 0.021 2e
–5

7е
–10

10
–8

1.1 ∙ 10
4

0 2e
–5

0.71493 0.28207 0.00297 9.7e
–7

1e
–11

3e
–18

Table 3

Probability distribution �1
3 i� � : hierarchical scheme

Dictionary r N
n

1 2 3 4 5 6 7 8

q = 26

n = 4000

10
–6

1.1 ∙ 10
6

0 0 5e
–435

4e
–44

4.5e
–5

0.368 0.572 0.06

10
–8

1.1 ∙ 10
4

5e
–435

4e
–44

4.5e
–5

0.3678 0.572 0.059 0.001 6e
–7

r N
n

9 10 11 12

10
–6

1.1 ∙ 10
6

0.0006 6e
–7

5.9e
–11

6e
–16

10
–8

1.1 ∙ 10
4

6e
–11

6e
–16

5.98e
–22

5.98e
–29
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As in the previous experiment (Table  2), column numbers 1–12 
correspond to the steps of the prompt input process, after which the 
threshold values of the error probability are determined. The table 
presents the results for two levels of the permissible error probabil-
ity – 10–6 and 10–8.

The analysis of numerical values shows that non-zero values of the 
threshold error probability appear already at the 4th–5th steps of the hi-
erarchical scheme. In the sequential scheme (Table 2), the probabilities at 
these steps were practically equal to zero. This indicates that the use of the 
frame hierarchy allows to narrow down the set of possible terms earlier 
due to semantic selection. This allows the implementation of a similar 
approach at the user level, in contrast to the one proposed in [20].

The maximum values of the indicators corresponding to the thresh-
old conditions for the completion of the process in the hierarchical 
scheme are observed at the 6th–7th steps. Here, the probability values 
reach approximately 0.37–0.57, depending on the given level of ac-
curacy. At the same time, a significant proportion of the probability 
is also preserved at the 5th step, which was practically not observed 
in the sequential scheme. This means that in a significant number of 
cases, chatbot personalization can be achieved after entering a smaller 
number of prompts. Extending the process to the 9th–12th steps is 
accompanied by a decrease in the values of the marginal probability 
of error (of the order of 10–11–10–29). This indicates a small number 
of extreme cases when the term has similarities with other dictionary 
elements. It should be noted that Table 2 and Table 3 directly show the 
marginal probabilities of error. The probability of completing the search 
process is interpreted on the basis of the indicated tables as a comple-
mentary value. Thus, the hierarchical scheme not only reduces the 
average length of the prompt, but also limits the number of situations 
with excessive labor intensity, in contrast to the results of work  [16].

Table 4 presents the results of a quantitative assessment of the labor 
intensity of the chatbot personalization process for two options for the 
formation of a specialized dictionary – sequential and hierarchical 
schemes. The calculations were performed for two levels of permissible 
error probability (10–6 and 10–8), which meet different requirements for 
the accuracy of term identification.

For a sequential scheme with an accuracy level of 10–6, the total 
value of the complexity is H ≈ 4.67, while for a more stringent criterion 
of 10–8 it decreases to H ≈ 3.287. This decrease is explained by the fact 
that with increasing accuracy requirements, the probability of early 
negative or unambiguous completion of the process increases, which 
reduces the average number of analyzed steps.

For a hierarchical scheme that uses the dictionary frame structure and 
TemaView, the complexity values are consistently lower or comparable, 
despite the greater complexity of the initial selection. In particular, at an 
accuracy level of 10–6, the value of H is 6.69, and at 10–8 – 4.69. At the same 
time, the share of actions related to semantic narrowing of the search space 
increases, which reduces the number of iterations in the dialog with the user.

Individual components of the complexity, given in Table 4, dem-
onstrate that in the hierarchical scheme most of the costs fall on the 
initial stage of context formation (request and prompt), but this is 
compensated by a reduction in the number of subsequent clarifications.  

As a result, the overall user interaction with the chatbot becomes more 
manageable and predictable, which is fundamentally important for the 
implementation of personalization based on prompts and the dictionary.

Thus, Table 4 confirms that the use of a hierarchical frame diction-
ary leads to a redistribution of its components in favor of semantically 
significant stages, which proves the effectiveness of the approach in 
contrast to  [15]. This provides more effective personalization of the 
educational chatbot, reduces the cognitive load on the user and in-
creases the quality of the formed responses.

The practical significance of research lies in improving the interac-
tion between the educational chatbot and the user by implementing 
personalization mechanisms based on the use of a frame dictionary and 
thematic representations. The proposed approach ensures the adapta-
tion of educational content to individual educational needs, the level 
of training and the context of the user’s request, which contributes to 
increasing the efficiency of learning the educational material. The prac-
tical value of the research results also lies in reducing the complexity of 
the user’s interaction with the chatbot, reducing the number of clarify-
ing requests and increasing the predictability of the system’s behavior.

A limitation of research is the dependence of the effectiveness of 
personalization of the educational chatbot on the completeness and 
quality of the formed frame dictionary, as well as on the expert defini-
tion of the structure of frames and their priorities. An additional limita-
tion is the use of an experimental model of interaction with language 
models through hint engineering mechanisms in query management, 
which does not allow to fully assess the influence of the internal para
meters of the language model on the results of personalization.

Under martial law, the specified research can be used to ensure the 
continuity of the educational process by implementing personalized edu-
cational chatbots in distance and blended learning systems. The proposed 
approach allows adapting educational content to the individual needs of 
students in conditions of limited access to traditional forms of education, 
unstable schedule and increased psychological stress. The practical appli-
cation of the research results also lies in the possibility of operational sup-
port for self-study, in particular in computer science disciplines, through 
personalized explanation of the material and step-by-step user support.

Prospects for further research lie in 
integrating the proposed approach with 
a model of human behavior in the deci-
sion-making loop. This will allow com-
bining automated personalization with 
pedagogical control and expert validation 
of educational content. An important task 
is to analyze the impact of the structure of 
the frame dictionary on the quality and 
stability of response generation by lan-
guage models.

4. Conclusions

1.	 A frame model of the dictionary is presented as an adapted pro-
jection of the frame model of the subject area, focused on a specific user 
or educational task. Such a dictionary can be integrated into a chatbot 
with generative AI in the form of a PDF document. Unlike traditional 
dictionaries, the proposed approach allows to represent knowledge 
in the form of a system of interconnected frames, slots and relations 
between them, which provides a semantically rich and structured pre-
sentation of information. This creates the possibility of forming a set 
of dictionary variants for one subject area depending on educational 
needs, level of training and context of use, which increases the effective-
ness of chatbot personalization.

2.	 Schemes of combining contextual projection of search and com-
parison of query words depending on the construction of user prompts 
are developed. Two schemes are presented and justified – sequential and 

Table 4

The value of labor intensity H
(3)

 and its components

Vocabulary forma-

tion scheme
r N

H
(3)

v1
3� � m1

3� � v2
3� � m2

3� �
δ = 1.0 δ = 0.75

Sequential

10
–6

1.1 ∙ 10
6

2.885 2.795 4.67 1 4.67 0

10
–8

1.1 ∙ 10
4

2.256 2.166 3.287 1 3.287 0

Hierarchical

10
–6

1 ∙ 10
6

6.031 5.9 6.69 1 6.69 0

10
–8

1 ∙ 10
4

4.543 4.413 4.69 1 4.69 0
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hierarchical. The advantage of a hierarchical scheme for building a frame 
dictionary is proven. This allows to build a dictionary by thematic sec-
tions. As a result, such a scheme allows to have a structured dictionary 
divided into topics, which greatly simplifies the personalization process.

3.	 An algorithm for implementing the formation of prompts for chat-
bot personalization is presented. The algorithm is based on the approach 
of probability theory when solving the "marked bullet" problem. This 
allows to search for information with prompts and form it in response 
according to personalized features. As a result, a structured topic context 
is formed with an ordered set of frames, slots and their current values.

4.	 The experiments conducted confirmed the effectiveness of the 
approach to chatbot personalization based on the use of a frame diction-
ary. When forming a frame dictionary according to a sequential scheme, 
the effectiveness of personalization is observed closer to the 8th prompt. 
When building a frame dictionary according to a hierarchical scheme, 
non-zero probabilities of completing the personalization process appear 
at Steps 4–5. For a sequential dictionary construction scheme with an ac-
curacy level of 10⁻6, the total complexity is about 4.67, while with increas-
ing accuracy requirements to 10⁻8 it decreases to 3.287. The hierarchical 
scheme, based on the frame structure of the dictionary and the use of 
thematic representations, demonstrates comparable or lower complexity 
indicators: at an accuracy of 10⁻6 – 6.69, and at 10⁻8 – 4.69.
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