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Abstract—Large language models can recognize the topic of arbitrary utterances, as well as their emotional
coloring, but do not understand the logic of emotions, even though they can often generate adequate
responses in a given context. On the other hand, cognitive architectures such as eBICA are capable of mod-
eling the dynamics of emotional states in the general case but require assistance in understanding the meaning
of statements and generating responses to them. This paper presents a way to integrate large language models
and eBICA, allowing them to complement each other. The “Virtual Receptionist” and “Virtual Psychodiag-
nostician” paradigms have been studied, and the results are encouraging.
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INTRODUCTION

Intelligent conversational agents, capable of main-
taining a conversation with a user and possessing ele-
ments of emotionality, are playing an increasingly
important role in the life of society, and the demand
for them is growing rapidly. Examples of their applica-
tions include a personal interlocutor agent [1]; a vir-
tual tutor [7]; a rehabilitation conversational agent [4];
a robot storyteller, which stimulates the development
of creative abilities in children [5]; a virtual patient for
training doctors [3]; and others. At the same time,
existing conversational agents (including Siri, Alice,
ChatGPT, etc.) lack the socioemotional intelligence
that would allow them to be accepted by a person on a
social level.

The problem to which this work contributes is the
creation of an artificial social agent, which, in addition
to performing functions in its subject area, is capable
of (a) establishing and maintaining contact with the
user at a social level compatible to a human and (b)
internally evaluating the user socially to work with
him/her more effectively. For certain applications,
these abilities are critical.

Today, social conversational agents are imple-
mented either on the basis of statistical machine learn-
ing methods, primarily large language models (LLM)
based on deep neural networks, or on the basis of cog-
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nitive architectures such as ACT-RE, extended Soar,
EMA [9], eBICA [13, 14] and others. In both cases,
difficulties arise in choosing appropriate behavior in
an unforeseen social context. Cognitive architectures
have to be created manually, and it is impossible to
foresee all possible situations when they will be used.
To train statistical models, large amounts of data are
needed, which in the field of social decision making
are usually difficult to access.

In this work, a combined approach is developed:
namely, a way to integrate machine learning and cog-
nitive modeling methods, allowing them to comple-
ment each other. The result is demonstrated using the
“Virtual Hotel Receptionist” and “Virtual Psychodi-
agnostician” paradigms.

1. eBICA COGNITIVE
ARCHITECTURE PRINCIPLES

The cognitive architecture of eBICA, described
repeatedly (for example, [13, 14]), is not a large
embodied software environment with its own pro-
gramming language, like Soar, Act-R, Icarus, etc. We
deliberately took a different path, developing eBICA
as a theoretical framework that today has dozens of
specialized implementations but is constantly chang-
ing and expanding, adapting to new tasks and subject
areas. Such flexibility would not be possible if imple-
mented as a single large system like Soar. At the same
time, in this case, it is the general framework and the-
oretical understanding of the principles of the solution
772. © Pleiades Publishing, Ltd., 2024.
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that remain fixed and are of the main value for prac-
tice, making it possible to create a technological line
for the development of socioemotional agents for a
variety of applications.

Key elements of eBICA, in addition to the typical
set of memory systems for cognitive architectures, are
semantic maps, mental perspectives, and moral sche-
mas [14]. The principle of operation of the moral
schema is to determine some “normal” situation in a
given social environment and to use the means avail-
able to the agent to maintain or achieve such a “nor-
mal state.” A minimal simplified explanation of the
basic principles of the eBICA theory is given in the fol-
lowing paragraphs.

The first step is to introduce appraisals for all sig-
nificant events and actors operating in the environ-
ment. Appraisals are entered as vectors that take values
in a semantic space defined by a set of semantic scales
relevant to a given paradigm (for example, in the VAD
model these are Valence, Arousal, Dominance: that
is, “positivity,” “excitability,” and “dominance”). Let
X and Y be vectors of appraisals of two actors, also des-
ignated by the letters X and Y. Suppose the actor X per-
forms a discrete action a in relation to the actor Y. Let
a and a+ are appraisals of action a, defined as the
expectation of the effect of a on X and Y, respectively.
The following rule for updating appraisals of X and Y
upon performing an action a is postulated:

(1)

(2)

Here r is a constant, model parameter, with 0 < r  1,
a w is a positive value characterizing the significance of
the action a. Thus, each action is characterized by two
vectors a, a+ and scalar w, and these values may
depend on the context.

The configuration of the moral schema in eBICA is
determined by feelings towards the actors—partici-
pants in the schema. The feeling concept FX is defined
as the appraisal values of actor’s X in normal condi-
tions [14]. Then it can be shown that to maintain a
normal state, it is sufficient for the actor to choose
actions whose appraisals are as close as possible to the
values of the corresponding feelings and are symmet-
rically distributed relative to them. In a state close to
normal, feelings are fixed. They can change in a con-
flict situation, when the discrepancy between apprais-
als and feelings is significant and cannot be eliminated
by choosing acceptable actions with fixed feelings. The
conditions for activation and deactivation of moral
schemas are described in [14]. While appraisals and
feelings are related to the value system, physiological
drives related to the somatic area also play a significant
role in the choice of behavior.

( )= − +: 1 ,X rw X rwa

( ) += − + ,: 1Y rw Y rwa

�
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Appraisals and feelings may be different in the
mental perspectives of different actors. However, it
was found experimentally [13, 15] that equations (1),
(2) together with the laws of moral schemas [14] make
it possible to calculate the dynamics of interpersonal
emotional relationships and thus predict the mental
states of agents based on their observed behavior.

In this work, eBICA was used to generate datasets
for training neural network components, as described
below. This allowed the agent to adequately respond to
user behavior.

2. EXPERIMENTAL PARADIGMS

Within the framework of the hotel virtual recep-
tionist paradigm, the following model situation is
defined: a visitor comes to check into a hotel, and a
dialogue takes place between him and the receptionist
at the reception desk. The subject of consideration
here is the dynamics of emotional interaction between
the user and the virtual registrar, and the role of the
latter can be played by both a virtual actor (bot) and a
hidden living person (confederate).

The research questions are: Can a virtual actor be
considered socially acceptable to the user? Trust-
worthy? Attractive? Capable of evoking emotions?
Having individuality? Is it possible to determine the
characteristics of a participant’s personality by his/her
behavior in this paradigm? As a result, can we say that
the virtual actor in this paradigm establishes socio-
emotional contact at the human level?

The motivation for choosing the “Virtual Psycho-
diagnostician” paradigm can be explained as follows.
Currently, there are many questionnaires through
which the users can find out their personality charac-
teristics (for example, [16]), but for this they needs to
answer a large number of boring questions. The “Vir-
tual Psychodiagnostician” paradigm is a game in
which the user is invited to take part in a dialogue tak-
ing place in an imaginary real-life-like situation (for
example, ordering lunch in a restaurant, choosing fur-
niture in a store, etc.) to find out their personality
type. The main advantages from the user’s point of
view are accessibility, ethics, fun, and ease of taking
the test under the condition of anonymity. The
research questions in both paradigms are the same.

3. SYSTEMS DEVELOPMENT
AND IMPLEMENTATION

3.1. Virtual Receptionist

Structurally, the virtual receptionist can be divided
into two components: a graphical interface imple-
mented using virtual reality tools and a server compo-
nent that manages the dialogue with the user. This
structure helps to separate the visualization of the reg-
ION AND IMAGE ANALYSIS  Vol. 34  No. 3  2024
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Fig. 1. Structure of the server part of the virtual registrar.
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istrar from the construction of the dialogue with the
user, which makes it possible to integrate the server not
only with the virtual environment but also with other
means of interaction with users.

The server part (Fig. 1) is the main part of the vir-
tual recorder. It includes a component for classifying
user remarks, a component for generating registrar
responses, and a component for processing remarks
(the latter performs the function of automatic text
editing).

The classification component calls multiple classi-
fiers sequentially. First, it is necessary to determine
what type of dialogue this utterance belongs to. Within
the framework of the “Virtual Receptionist” para-
digm, two types of dialogue are distinguished: dia-
logue about checking into a hotel and dialogue on a
free topic. Since the list of possible phrases is signifi-
cantly narrowed within the dialogue about checking
into a hotel, this classification is performed by search-
ing for keywords in the user’s response. Next, some
specific details need to be classified, such as the user’s
last name, first name, and patronymic. To solve this
problem, a rule-based classifier was used: the presence
of a name in a prepared a priori list was checked.

Finally, classification based on user intent was per-
formed. For this purpose, a neural network classifier
was used. To detect intent based on the user’s phrase,
the rubert–base–cased–sentence model was addition-
ally trained, which is included in the library deeppav-
lov. This model is built on the BERT architecture. To
PATTERN RECOGNITION AND IMAGE ANALYSIS  V
train the classifier, a dataset of 231 user utterances was
created, divided into 5 categories: greeting, ending a
dialogue, booking a room, getting a room, general
questions. Cross-entropy was used as the loss func-
tion. The calculated metrics after additional training
of the neural network for five epochs are as follows:
F1(macro) = 0.8902, F1(micro) = 0.8972,
F1(weighted) = 0.8922.

The next important component is the receptionist
response generator. It was implemented using two
neural networks. One for generating dialogue on a free
topic, and the other for generating dialogue on the
topic of checking into a hotel.

The neural network for generating the reception-
ist’s response to the topic of checking into a hotel is
based on the Transformer architecture. To implement
the network, the following parameters were chosen:

• embedding size (regular and for word position):
256;

• number of heads in the attention mechanism: 8;
• number of encoder blocks: 6;
• number of decoder blocks: 6;
• the size of one piece of data arriving at the input

of the neural network (batch): 128.
To obtain the resulting sequence of tokens, a greedy

decoding algorithm was used. The peculiarity of the
algorithm, as can be judged from its name, is that at
each generation step, the token whose probability is
ol. 34  No. 3  2024
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Fig. 2. Examples of gestures performed by the F-2 robot.
the highest at this step is selected. This algorithm
works well for generating small sequences of words
where the sentence is short.

The total number of trained parameters was
5686725. Note that to train the neural network, 10000
dialogues were generated using an algorithm built on
the basis of the eBICA cognitive architecture (see Sec-
tion 1). This cognitive model worked with a prewritten
dialogue script that allowed for slight variations. The
variations consisted in the choice of options for state-
ments from both the user and the registrar. Each ver-
sion of each statement was a priori rated by another
group of participants on the Valence, Dominance, and
Arousal scales in a separate empirical study. As a
result, eBICA could determine the choice of one of
several options for each utterance for each virtual
interlocutor, guided by a model of developing social
relations between the interlocutors. Thus, a set of syn-
thetic dialogues was obtained. Each dialogue was
divided into pairs <user phrase, registrar phrase>.
After this, the neural network was trained on a dataset
consisting of such pairs for 20 epochs.

To generate answers to questions on free topics, a
pretrained neural network was used, trained on data-
sets compiled from the Russian dialogue corpus
(based on the Russian DialoGPT model). Due to the
large number of parameters in this network, it was not
fine-tuned.

The functions of the virtual environment visualiza-
tion component include converting an utterance
received from the user into text, and an utterance
received from the server into a voice message, as well
as exchanging data with the server.

3.2. Virtual Psychodiagnostician

The system that implements the Virtual Psychodi-
agnostician was described by us earlier in a position
paper [2]. Here we present preliminary results of its
implementation, which is still at an intermediate stage.
In particular, eBICA has not yet been used to control
the behavior of a psychodiagnostician, although the
possibility and feasibility of its use here are quite clear.
PATTERN RECOGNIT
The virtual psychodiagnostician conducts a con-
versation with the user according to several specified
scenarios (see Section 2), addressing the user with pre-
written questions. The use of the F-2 robot, developed
in the laboratory of Kotov at the Kurchatov Institute,
makes it possible to voice text and express specified
gestures along with other nonverbal signaling. Robot
F-2 [17] can potentially express a large number of
emotions and communicative intentions. A software
interface based on BML (Behavior Markup Lan-
guage) makes it possible to work with a database of
patterns of emotional dynamics including elements of
body language, gesture, gaze, facial expression, and
speech, that had to be calibrated on emotional scales.
For the purposes of the project, we, with the help of
participants, assessed the robot’s gestures on emo-
tional scales (the limited space of the article does not
allow us to present the results of these assessments).
Examples of gestures are shown in Fig. 2. The robot is
also available as a virtual avatar.

The main difficulty in this subproject was the anal-
ysis of user utterances to determine the user’s person-
ality type. The problem was solved using machine
learning methods. Today, machine learning algo-
rithms are used to create models that classify person-
ality types according to the Big5 model based on data
from questionnaire responses, as well as large-volume
free text (20000 words) written by a participant [10],
but access to this proprietary system is limited.

Our task here is to train the system to recognize
personality types based on dialogues within selected
scenarios. Due to the lack of large volumes of data of
the required type, training was carried out on the basis
of an open access dataset, including the results of the
Big5 test of individual participants and the text written
by them [8]. The scikit-learn library for Python was
used to implement machine learning algorithms. For
data preprocessing, the open access NRC Word-Emo-
tion Association Lexicon database was used [11, 12],
consisting of 14155 words with ratings for categories of
valence (negative tonality, positive tonality) and emo-
tions, such as anger, anticipation, disgust, fear, joy,
sadness, surprise, trust. We also used the GloVe
embedding model.
ION AND IMAGE ANALYSIS  Vol. 34  No. 3  2024
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4. EXPERIMENT: 
MATERIALS AND METHODS

Sixteen college students at National Research
Nuclear University MEPhI, all native Russian speak-
ers, age 20–22 males and females in equal proportion
took part in this study. Testing of the implemented sys-
tems confirmed their compliance with the functional
requirements and objectives of the study.

4.1. Virtual Receptionist

The experimental procedure in the “Virtual Hotel
Receptionist” paradigm included three stages.

At the first stage, the participant in the experiment
assessed the appearance and environment of the regis-
trar agent in the virtual space for two minutes, after
which he/she completed the Artificial Social Agent
Questionnaire (ASA) [6], answering questions about
the first impression of the agent.

The ASA questionnaire is a tool for assessing
human interaction with a virtual agent, developed by
an international working group of researchers in the
field of artificial intelligence. We used a short version
of the questionnaire, which allows us to create a pro-
file of an artificial social agent on five scales: the
attractiveness of the agent, its social acceptability,
trust in the agent, the presence of personality in the
agent, and the ability to evoke emotions in the user.

The receptionist avatar in this study could be con-
trolled either by a virtual actor or by a human confed-
erate hidden in another room, who entered the text of
his questions on the keyboard. Two participants were
alternately used in the role of the confederate. The rest
of the participants in the experiment did not know that
a confederate could be used.

At the second stage, the participant underwent the
registration procedure in virtual reality. The regis-
trar’s questions were voiced to the participant
through speech synthesis, the participant speech was
recognized—a dialogue took place, as described in
Section 3. The experiment lasted until the registration
procedure was completed. If the registration proce-
dure did not complete within 10 min, the experiment
was terminated. At the end of the second stage, the
participant again completed the short version of the
ASA questionnaire in full, rating the receptionist after
the interaction.

At the third stage, the participant went through the
same registration procedure again in virtual reality.
The third stage differed from the second only in that at
the second stage the registrar was controlled by a con-
federate, while at the third stage it was controlled by a
virtual actor, or vice versa, if at the second stage the
registrar was controlled by a virtual actor, then at the
third stage it was controlled by a confederate. Upon
completion of the third stage, the participant again
completed the questionnaire.
PATTERN RECOGNITION AND IMAGE ANALYSIS  V
4.2. Virtual Psychodiagnostician

The experiment in the “Virtual Psychodiagnosti-
cian” paradigm took place in the form of a conversa-
tion between the participant and the robot according
to a prewritten script, as described above. After a few
general questions had been asked by the robot, the
participant and the robot played a game in the form of
a dialogue (Section 2). Note that the phrases voiced by
the robot were accompanied by gestures, facial expres-
sions, gaze, and body language. For each phrase, a
gesture was selected that corresponded to the intention
and emotional connotation of the phrase, according to
the previously established emotional connotations of
gestures (see Subsection 3.2).

5. RESULTS AND ANALYSIS

5.1. Virtual Receptionist

As a result of the study, psychological profiles of a
virtual registrar were obtained and compared before
and after communication, as well as the profiles of a
registrar controlled by a virtual agent and a registrar
controlled by a human. It was found that the impres-
sion of a virtual receptionist is formed gradually, and
before communicating with him, the impression is
determined mainly by the characteristics of appear-
ance. After communicating with the registrar, the
assessment is influenced by the registrar’s behavior.

Figure 3 presents the results of a comparison of the
profiles of a registrar controlled by a virtual agent
before and after communication with the participant,
as well as profiles after communication with a registrar
controlled by a human confederate.

The darkened stripes in Fig. 3 display the charac-
teristics of the virtual agent. Significant differences are
indicated with asterisks.

Calculations were carried out using the Mann–
Whitney U test with account for the Bonferroni cor-
rection. The following was found. The virtual actor’s
ability to evoke emotions increased upon interacting
with him (P < 0.001). The assessment of the presence
of individuality for the virtual actor was higher than for
the human confederate (P < 0.0095).

5.2. Virtual Psychodiagnostician

In the case of the Virtual Psychodiagnostician, the
trained system was used to analyze real dialogues con-
ducted by the Virtual Psychodiagnostician in the guise
of the F-2 robot with the participant. For each of the
five scales, a binary score was obtained based on dia-
logue analysis. The results were compared with the
results of the standard Big5 test in its Russian adapta-
tion, which participants took independently at a dif-
ferent time, also divided into two categories for each
scale. The comparison results are presented in Fig. 4.
ol. 34  No. 3  2024
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Fig. 3. Comparison of psychological profiles of virtual agent-managed and human-managed registrars before and after the reg-
istration procedure.
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Fig. 4. Results of personality type recognition based on a
dialogue with the robot. Whiskers show the standard error
estimate.
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CONCLUSIONS

In this work, a method of integrating machine

learning methods (in particular, LLM) and cognitive

modeling (based on eBICA), allowing them to com-

plement each other, is implemented and investigated

in experiments with human participants. Encouraging

results were obtained in the “Virtual Hotel Reception-

ist” and “Virtual Psychodiagnostician” paradigms.

They indicate that socioemotional conversational

agents based on cognitive architectures and machine

learning, when implemented correctly, can be socially

compatible with humans. In our experiments, the arti-

fact was perceived by participants as having individu-

ality at a level not lower than that of a human. On the

other hand, when interacting with an artifact, people

revealed their personality characteristics at a level suf-

ficient to reproduce the results of psychological tests.

On a number of scales, no significant differences were

found between the human and the artifact, which

indicates the human-likeness of the artifact. Overall,

the results indicate the feasibility of a virtual agent or

robot capable of establishing human-level social con-

tact while also assessing the user’s psychology.
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