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Reflective memory architecture for adaptive planning in hierarchical LLM
agents in virtual environments

Relevance: Large language models (LLMs) can be used as one of the components of autonomous agents that solve sequential
decision-making tasks. To improve agent performance, it is necessary to store the history of previous observations and actions,
which leads to filling the LLM context window, increasing computational costs, prolonging planning time, and raising memory
requirements. A possible approach to addressing this problem is the application of observation reflection methods using LLMs.
Goal: To study the impact of memory reflection methods for autonomous agents based on LLMs. To compare these methods
with simpler memory organization approaches.

Research methods: Computational experiments and comparative analysis. Memory organization methods: full episode
history, reflection, and reflection with a structured set of memories. The agent performance metrics: task success rate,
cumulative reward per episode, and the number of steps required to complete the task.

Results: A memory summarization method based on reflection is proposed for a hierarchical LLM-based agent. The Minigrid
ColoredDoorKey environment is used for agent training. Agent code is developed, including components for training the agent
in the environment. Computational experiments are conducted to train and evaluate the agent with different memory
mechanisms. The performance of different memory mechanisms is evaluated using the following metrics: task completion
accuracy, cumulative reward, and the number of steps until episode termination. An analysis and comparison of the results of
applying different memory mechanisms to the agent’s action planning task in the ColoredDoorKey environment are
performed.

Conclusions: The study demonstrates that the use of reflection with a structured set of memories is appropriate for action
planning tasks in autonomous agents based on LLMs. The reflection method enables the agent to generalize experience,
identify effective rules within large volumes of data with sparse reward signals, and achieve a level of performance comparable
to that of a human expert.

Keywords: artificial intelligence, machine learning, deep learning, artificial neural networks, intelligent information systems,
automated information systems, natural language processing, large language model, prompt, decision making, agent, memory,
virtual environment, Minigrid.
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1 Introduction

Recent advances in the field of large language models (LLMs) have enabled a transition from using
models as static text generation tools to creating autonomous agents capable of perceiving the
environment, performing actions, and acquiring experience. According to the systematic survey [1], the
key difference between an LLM and an LLM-based agent lies in the agent’s ability to accumulate
knowledge and modify its behavior through experience obtained via long-term interaction with the
environment. To enable experience accumulation, LLM-based agents require a memory module that
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addresses the inherent limitations of LLMs, namely fixed parameters at inference time and a limited
context window length.

The limitation of the finite context window of modern large language models (LLMs) remains a
fundamental barrier to their application in tasks that require long-term planning and memory. Although
context extension methods exist, simply increasing the input window leads to quadratic growth in
computational costs and does not guarantee effective information utilization, especially in long-context
scenarios.

Traditional reinforcement learning (RL) methods often require a large number of training samples
and computationally expensive fine-tuning of models. An alternative to this approach is the use of In-
Context Learning (ICL), where agents learn from their own mistakes in language space through
mechanisms of summarization or reflection.

For tasks that require sequential planning, such as navigation in the Minigrid environment, it is
important to distinguish between different sources of memory: intra-episode (inside-trial) and inter-
episode (cross-trial) memory [1]. Intra-episode memory includes the history of observations, actions,
and other messages that arise during the current episode and enables the agent to reason about the
current situation. Inter-episode memory contains experience accumulated across multiple trials and
serves as the foundation for long-term learning.

Efficient design of inter-episode memory constitutes a key challenge. The following types of
memory in LLM-based agents can be distinguished [1]: parametric memory (LLM weights) and textual
memory. In this work, we focus on textual memory, as it provides interpretability of decisions and
allows manipulation of the agent’s knowledge without modifying the LLM weights.

One of the simplest approaches to designing inter-episode memory is storing the complete history of
the agent’s interaction with the environment. The drawback of this approach is that prolonged
interaction leads to overflow of the LLM context window, increased computational complexity, and
degradation of the LLM attention mechanism performance. Therefore, modern approaches introduce
memory management mechanisms, including summarization, forgetting, and reflection.

Reflection [1] is the process of generating higher-level abstractions, reasoning, and conclusions
based on observations. The effectiveness of this approach has been demonstrated in prior work [2-4],
where agents formed generalized plans based on key actions from past successful or unsuccessful
episodes.

In this paper, we investigate a self-reflective memory mechanism for a hierarchical agent, in which
the LLM serves as a high-level planner, while sequences of low-level actions are implemented as
procedural options. Building on the Indirect Evaluation methodology described in [1], we conduct an
ablation study by comparing agent performance across four configurations, ranging from the complete
absence of memory to a comprehensive system with CRUD-like operations over a list of generalized
rules. This approach allows us to isolate the impact of the summarization and reflection mechanisms on
task performance.

2 Related Works

In the work [4], an agent interacts with a set of tasks and collects a history of successful and
unsuccessful attempts to solve them. Subsequently, through reflection, the agent forms a list of rules
based on pairs of successful and unsuccessful attempts. The resulting rules are then used by the agent in
subsequent attempts to solve the tasks.

In the work [5], a memory mechanism for chatbots is proposed that hierarchically structures
memory, storing the complete dialogue history, summarized information about events, and a description
of the user’s psychological profile. Information summarization is performed periodically, every few
episodes. A key feature of this approach is a dynamic memory cleaning mechanism based on the
Ebbinghaus forgetting curve. The MemoryBank approach is primarily oriented toward social interaction
tasks, such as psychological counseling.

The architecture of Generative Agents was proposed in [2]. A fundamental component of this
architecture is the memory stream, a database that stores the agent’s complete experience history in
natural language form. Unlike approaches that place the agent’s experience solely within the LLM
context window, the Generative Agents framework employs a dynamic retrieval mechanism that selects
relevant entries to construct the context for the current step. The retrieval mechanism accounts for
properties of memory entries such as recency, importance, and relevance. The approach also includes a
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reflection mechanism that synthesizes low-level observations into high-level abstract conclusions,
which are stored in the memory stream alongside low-level observations in a tree-like structure.

The concept of verbal reinforcement learning is introduced in [6]. In this approach, the agent’s
policy is parameterized not only by the model weights but also by the state of the agent’s memory,
which contains reflections from previous episodes. The agent’s functioning is organized as a loop in
which the agent generates a trajectory that is evaluated by an evaluator model; the agent then receives
binary or textual feedback, performs reflection, and stores the resulting verbal feedback in long-term
memory, enabling behavioral changes in subsequent episodes. The authors note that further
improvements to the approach may be achieved by employing more complex memory structures, such
as vector databases or SQL-based databases.

LLMs often fail to generate an optimal output on the first attempt. To address this issue, the Self-
Refine approach was proposed in [7], which is based on the idea of iterative feedback and refinement.
The core idea of this approach is to use an LLM in different roles: a generator, a critic (feedback
provider), and a refiner. The agent operates in a loop, where at each iteration an initial solution to the
task is generated, feedback on the solution is produced, and the agent refines the previous result based
on this feedback. Self-Refine demonstrates the effectiveness of LLMs in generating feedback for
themselves and improving their own outputs, achieving significant performance gains without requiring
model training. A limitation of this approach is that the feedback is used to improve the current output
but is not stored in long-term memory.

The approach proposed in [8] iteratively analyzes the agent’s history of previous trajectories and its
beliefs, modifying these beliefs to improve the policy. Instead of accumulating episodic memory, this
method distills experience into behavioral guidelines and performs world modeling. This enables the
agent to form an improved policy that incorporates rules generalized by the agent itself using an LLM.

The authors of [9] propose the MemGPT approach for self-directed memory managing, which
simulates an unbounded context length by dynamically moving data between the LLM context and an
external storage. In this approach, the LLM not only generates and consumes text but also acts as a
controller that manages memory. MemGPT includes a set of functions that allow the agent to add,
modify, or retrieve information from external storage based on the current state.

Early approaches to memory organization, such as MemoryBank [5] and Generative Agents [2], rely
on fixed memory storage schemas or simple accumulation of history, which limits the agent’s ability to
generalize knowledge to new environments. A more dynamic and flexible approach, A-MEM, is
introduced in [10]. The authors construct agent memory not as a passive storage but as an active, self-
organizing system inspired by the Zettelkasten note-taking method. A key feature of A-MEM is the use
of a generative approach without fixed schemas. In this approach, the LLM autonomously structures
relationships between “notes” (atomic units of knowledge). Despite its flexibility, A-MEM has
significant limitations, including high experience recording costs, the absence of a forgetting
mechanism, and sensitivity to hyperparameter values.

3 Methods

3.1. Agent Architecture

In this work, we study an agent composed of several modules: a planner, a mediator, and an actor.
The planner is built on the LLM Qwen3:8b and performs planning of sequences of abstract actions
represented in natural language over the space of procedural options, given the current observation of
the environment. The mediator transforms vector-based environment observations into a language
representation. The actor receives the abstract plan and executes it by selecting the corresponding
options.

Five options were implemented for Minigrid-type environments: Explore, GoTo, PickUp, Toggle,
and Drop. During planning, the agent is restricted to selecting options only from this predefined list.
Each option includes a precondition for initiation, an execution procedure that translates the abstract
action into a sequence of concrete actions, and a termination condition. The ExpLore and GoTo options
are implemented using Dijkstra’s algorithm and the A* algorithm, respectively.

The options generate linguistic feedback for the planner and provide important information or errors
encountered during option execution. The feedback is represented as a tuple consisting of the option
execution stage, error status, number of executed steps, and a message. Feedback from the options is
used by the planner to correct errors in the plan.
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To prevent the agent from entering infinite loops in cases where the planner repeatedly generates the
same non-functioning plan, a limit on the number of consecutive identical generated plan was
introduced, with a maximum of five repetitions. When this limit is exceeded, the episode is terminated
and the task is considered unsuccessful. This modification accelerates the experimental procedure by
avoiding waiting for episode termination due to reaching the environment step limit.

3.2. Two-Level Memory System

The agent’s interaction with the environment proceeds in episodes. During each episode, the planner
selects options, which produce feedback that is stored in memory. The agent’s memory is structured by
episodes: messages from options are stored sequentially, along with environment observations and the
generated plan. At the end of each episode, the memory is augmented with information about the
number of steps taken in the episode, task success or failure, and the cumulative reward for the episode.

During agent functioning, the planner’s prompt includes a static fragment with the plannner’s
instructions, the task description, a memory fragment corresponding to the current episode, and a set of
memory elements formed from the complete history of previous episodes.

We define a Reflective Memory System as a dynamic system that evolves in discrete time t € N
through the application of reflection. The state of the memory at certain time ¢t is defined by a set of
memory elements, denoted as K;. Let us denote a set of all agent—environment interaction trajectories at
the moment t as H, = {t4, 75, ..., 7,}. A mapping from a method-specific subset H#, c H, to a set of
memory elements K, that improves the expected reward in future episodes, formally represents the
reflection process:

Kt+1 « freﬂect(lqt' Kt)l

where freriece is @ function that uses LLM to update the set of memories using selected history
trajectories.

The set K, is defined as a collection of memory elements indexed by unique identifiers. Let I, ¢ N
denote the set of active indices at time t. Then, the set of memory elements is defined as:

K, = {mP}kel,
where each memory element m,(f) is represented as a tuple:

m;(ct) = (¢, Cx, 0x),
where k is a unique, permanent identifier of the memory element, ¢, denotes the category of the
memory element, we use single category RULE, ¢, € X" is the textual content of the memory element
(here X™ is the set of all possible strings), and o, € [0,1] is the importance coefficient of the memory
element, initialized as o;,;; = 0.5.

3.3. Reflection and Learning Mechanism

In this study, several approaches to reflect on the history of episodes were studied.

The simplest approach involves pre-collecting the history of episodes, followed by a reflection
process using the LLM Qwen3:30b. The resulting reflections were added to the planner prompt, and the
agent was evaluated on validation and test sets of environments.

The next approach involved sequentially updating the reflections as episodes were completed by the
agent. This represents an online update of the planner prompt based on the experience obtained from
interactions with the environment.

An enhanced version of reflection was also studied, in which reflections were represented as a list of
memories K;, each assigned an importance score that was updated during agent functioning. This score
determines how critical a rule is for the agent’s successful performance. A high score prevents the rule
from being removed from the memory, serving as a mechanism to mitigate "catastrophic forgetting"
during prompt updates.

In this study, the parameters of the LLM were kept fixed. Changes in agent performance were
achieved solely by modifying prompts based on the agent’s experience obtained from interactions with
environment.

The transition from K, to K;,; occurs through the application of sequence of managing operators to
K, denoted as a function gg. This function uses a LLM to select operators.

The managing function gy takes as input a subset of the history and the current memory state:

Oy = 96(1‘/) K,
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where 0O, is the sequence of transactional operations on memory generated by the LLM to optimize the
memory K;.

The set of allowed operations is O = {CREATE,UPDATE,DELETE,CONFIRM}. Each operation op €
0; modifies the memory state K;. We define the transformation function as T: K X O — K. Operates for
the set O, are sequetially applied to the memory K, to produce next state K; 4.

The importance coefficient of a memory element is updated according to an exponential moving
function computed from the validation signal received from the LLM-generated transactions DELETE
or CONFIRM:

O-I; < (1 - .B)Uk + ﬁ * Trargets
where Ty,qec IS the target importance value of the memory element (O for penalty, 1 for reinforcement)
defined by LLM, and g is a balancing coefficient.

The CREATE operator adds a new element to the set:

Kt, < Kt U (d)new’ Cnew> 05)

The UPDATE operator is intended to correct erroneous information. The DELETE operator should be
used if information in memory is incorrect and needs to be removed. This operator functions as a soft
delete by lowering the importance coefficient of the element; when the coefficient falls below a critical
threshold, the element is permanently removed at the memory pruning stage. The CONFIRM operator
increases the importance coefficient of the memory element.

After applying all selected LLM-generated operations O;, a pruning stage occurs, in which memory
elements with importance coefficients below e = 0.1 are removed.

3.4. Experimental Design

In this study, the Minigrid ColoredDoorKey environment was used, which is a two-dimensional,
discrete-state and discrete-action environment. The environment presents a task requiring the agent to
open locked doors using a key of the matching color. At the beginning of an episode, objects in the
environment are hidden, and the agent must first explore the environment. The environment contains
two keys of different colors, one of which is required to open the door, while the another serves as a
distractor. Due to limited visibility and incomplete information, the agent must plan actions to obtain
information about the door color, find the matching key, pick it up, navigate to the door, and open it.

Two LLMs were used in the experiment: Qwen3:8b and Qwen3:30b. The larger model, Qwen3:30b,
was utilized to reflect upon episode histories and managing memory. The smaller model, Qwen3:8b,
was used in the planning module, leveraging the reflections produced by the larger model to plan in the
space of options. Using models of different sizes is advantageous because planning must be fast, as it is
executed multiple times per episode. In contrast, history reflection occurs once every few episodes, and
thus weaker constraints on runtime are acceptable for this stage.

To evaluate the contribution of the proposed memory mechanism, ablation studies were conducted.
The simplest variant is a memoryless agent, which receives only direct environment observations and
has no access to either the current episode history or the overall history. This approach provides a lower
bound on the accuracy achievable by the agent. The next level of complexity is episodic memory, in
which the agent receives the history of the current episode. This allows the agent to correct mistakes
made during the episode but does not enable knowledge transfer across episodes. A more advanced
approach allows the agent to access the memories of the last N episodes, simulating long-term memory,
but this fills the LLM context and dilutes the agent’s attention.

The agent-environment interaction was divided into three stages: Train, Eval, and Test. For each
stage, a separate fixed set of random seeds was selected to ensure reproducibility. During the Train
stage, the agent collected interaction history with the environment, which was then used either for
forming offline reflections or for online reflections updates. The Eval stage was executed in parallel
with Train every N episodes to assess the dynamics of agent performance. The Test stage served as the
final evaluation, in which the agent was tested over a large number of episodes to compute the final
performance metrics.

3.5. Evaluation Metrics

The following metrics were used to evaluate agent performance. The primary performance metric is
the success rate, calculated as the average task completion success of the agent per episode. Return is
computed as the average of the sum of rewards throughout the episode, taking into account a penalty for
the number of steps taken. Steps per Episode measures the number of steps the agent took to complete
the episode (successfully or unsuccessfully). Number of Re-plans counts the number of times the
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planner had to regenerate a plan to produce a working plan. Planning Duration measures the time spent
in the planning stage, used to evaluate the increase in computational cost as the agent’s memory size

grows.

4 Experiments

We conducted computational experiments in the Minigrid ColoredDoorKey environment. All
experiments were performed on a computer system with an NVIDIA RTX 3090 GPU (24 GB VRAM).
The LLM was run using the Ollama 0.13.5 utility. We used LLMs quantized in the Q4 _K_M format.
The "temperature” hyperparameter was set to 0.1. The maximum number of generated tokens was
limited to 4096.

We compared several approaches to agent memory organization:

1.
2.
3.

4.

Without Memory: The agent had no memory or instructions.

Baseline E-1: The agent remembered only the current episode.

Offline Reflection: The agent remembered the current episode and received instructions from
LLM Qwen3:30b, generated in advance on pre-collected data.

Text Reflection E-5: The agent had memory of the current episode and performed unstructured
reflection every 5 episodes on the last five episodes.

Text Reflection E-5 CP-1: The agent had memory of the current episode and performed
unstructured reflection every 5 episodes on the last pair of successful and unsuccessful
episodes.

Text Reflection E-5 CP-3: The agent had memory of the current episode and performed
unstructured reflection every 5 episodes on the last three pairs of successful and unsuccessful
episodes.

Reflection E-2: The agent had memory of the current episode and performed structured
reflection with managing operators every 2 episodes.

Reflection E-5: The agent had memory of the current episode and performed structured
reflection with managing operators every 5 episodes.

Manual Instructions: The agent had memory of the current episode and received high-quality
instructions formulated by a human-expert.

0.80 A
© 0.75 A
g g .
0704 AY . " manual
% o [ \ /‘/ \'-.._ ['/
S 0.65 - T~ /-' baseline
= T~
§ 0.60 - —— Reflection E-2
g ——- Reflection E-5
0551 —-= Text Reflection E-5 CP-1
osod4 [ e Text Reflection E-5 CP-3
0 10 20 30 40
Episodes

Puc. 1 3anesicnicmo cymaproi nacopoou Ha eanioayitinomy Habopi 6i0 enizo0y nid Yac HAGUAHHS
Fig. 1 Dependency of cumulative reward on the validation set as a function of episode during training

Figure 1 shows the dynamics of cumulative reward on the validation set of environments. It can be
observed that the cumulative reward for memory with structured reflection (Reflection) reaches
maximum values within the first 4 iterations of reflection and achieves better performance than the
agent with rules written by a human expert.

An example of the final rule set for the Reflection method:
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0: Before picking up or toggling an object, move to it to ensure correct interaction, verify its presence, color
match, and that the key is held before attempting to toggle. If holding a key and needing to pick up another, drop
the current key first. Only move to an object if it is visible or known to be present. Verify key color matches door
color before toggling. Move to the object even if visible but not in front to ensure correct targeting.

1: After picking up the key, explore for the door to locate it before attempting to open it.

2: Before toggling the door, verify that the key color matches the door color, move to the door, and ensure the key
is held before attempting to toggle.

Tabn. 1 Ilopisusanus pizHux nioxodie 0o opeanizayii nam'smi azenma
Table 1 Comparison of different approaches to agent memory organization

Method Accuracy Reward Steps
Without Memory 0.68 0.4994 52.06
Baseline E-1 0.65 0.4896 52.82
Offline Reflection 0.72 0.5298 48.02
Text Reflection E-5 0.74 0.5470 47.44
Text Reflection E-5 CP-1 0.83 0.6215 40.16
Text Reflection E-5 CP-3 0.96 0.7173 30.96
Reflection E-2 0.99 0.7353 29.29
Reflection E-5 0.98 0.7345 29.27
Manual Instructions 0.99 0.7345 29.62

Table 1 presents a comparison of metric values for agents with different memory mechanisms. The
lowest performance is observed for the baseline, corresponding to an agent without long-term memory.
As the memory complexity increases, agent performance improves. The most advanced method,
Reflexion — structured reflection with a list of memories and managing operators — demonstrates the
best results, comparable to or better than the agent with rules provided by a human expert.

6 Conclusions

In this study, the following was accomplished. We proposed using In-Context Learning with
reflection via LLM for agent training in virtual environments. The Minigrid ColoredDoorKey
environment was prepared for agent training. Agent training code was implemented for the Minigrid
ColoredDoorKey environment. Computational experiments were conducted to train and test the agent
with different memory mechanisms. The performance of various memory mechanisms was evaluated
based on metrics: task completion accuracy, cumulative reward, and number of steps per episode. An
analysis and comparison of the influence of memory mechanisms on agent action planning in the
ColoredDoorKey environment was performed.

The results indicate that using the reflection method via LLM in an autonomous agent improves
agent performance during interaction with a virtual environment. Task completion accuracy shows that
the reflective agent can discover rules enabling it to reach human-expert-level accuracy. Learning
curves demonstrate that maximum accuracy is achieved by the third reflection step. Additionally, the
use of reflection reduces the number of steps required to complete a task and increases the cumulative
reward obtained by the agent over the course of an episode.
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ApxiTtekTypa pedieKCUBHOI aM'ATi VISl AJANTUBHOIO IVIAHYBAHHS
iepapxiyaux LLM-areHTiB y BIpTYyaJbHHUX CepeA0BUIIAX

AxTyanbHicTs. Benuki MoBHI Mozeni (LLM) MoxyTh OyTH BHKOPHCTaHi SIK OJIUH 3 €JIEMEHTIB aBTOHOMHHX areHTIB, IO
BUPIIIYIOTh 3aBAaHHS IMOCIIZOBHOTO HPUHHATTA pimeHs. s mokpaiieHHs poOOTH areHTiB MOTpiOHO 30epirat icTopiio
TIOTIEPE/IHIX CIOCTEPEKEHb Ta i, IO TPU3BOAUTH IO 3allOBHEHHS KOHTEKCTHOro BikHa LLM, 30ibIIeHHS KiTBKOCTI
00YHCIIeHb, TPHUBAIOCTI TUIAHYBAaHHS Ta IiIBHUINYE BUMOTH A0 NaM'sTi. MOXIMBUI MXiJ IO BHUpIMIEHHS M€l mpoOieMu
MOJISITa€ y 3aCTOCYBaHHI METOJIB y3aralbHEHHS CIIOCTEPEXeHb 3 BUKOpUCTaHHAM LLM.

Merta. JocmimuTy BIUIMB METOIIB y3arajJbHEHHs IaM'siTi aBTOHOMHHX areHTiB Ha ocHOBI LLM Tta pednexcii. [lopiBHaTH 3
HPOCTIIMMH METOaMHU OpraHi3arii mam'sri.

MeTtonu mociimkennsi. MeToau TOCITiPKEHHs: 00YHCITIOBATIbHUN EKCIIEpHUMEHT, MOPIBHUIbHUH aHani3. Meroau opraHizanii
naM'sTi: TOBHA iCTOPIsl eMi30iB, peduiekcis, peduiekcis 31 CTPYKTypOBaHUM HaOOpOM NpaBuil. BHKOpUCTaHI METPHUKH SKOCTI
po6oTH areHTa: yCHilIHICTh BUPILIEHHS 3aBJaHHs, CyMapHa Haropoja 3a ernizoJl, KUIbKICTh KPOKIB JUIsl BUPILIEHHS 3aBJaHHS.
Pe3yabTaTi. 3anponoHOBaHO BUKOPUCTOBYBATH METO/I y3arajJbHEHH MaM'sTi MIIIXOM peduIeKcii Uil iepapXigHOTO areHTa Ha
ocHoBi LLM. Posrmanyto cepenosumie Minigrid ColoredDoorKey st HaBuanns areHTa. CTBOPEHO KOJ areHTa, 30KpeMa JUIs
HABYaHHS areHTa B cepefoBulli. I[IpoBeaeHO OOYMCIIOBAIBHI €KCIICPUMEHTH 3 HAaBYaHHS Ta TECTYBaHHsS arcHTa 3 Pi3HUMH
MexaHi3MaMu naM'sTi. [IpoBeieHo OmiHKY SKOCTI poOOTH Pi3HUX MEXaHi3MiB MaM'sTi Ha OCHOBI METPHK: TOUHICTh BUKOHAHHS
3aBIaHHs, CyMapHa Haropoja, KUTbKICTh KPOKIB J0 3aBepLICHHs emi3oay. BukoHaHO aHani3 Ta MOPIBHSIHHS pe3yNIbTaTiB
3aCTOCYBAaHHS MEXaHi3MiB ITaM'sATi 10 3a]a4i IIaHyBaHHs Jii areHToM B cepenosuii ColoredDoorKey.

BucHoBku. JlocnipKeHHs OEMOHCTPYE, LIO 3aCTOCYBaHHS MeToAy pediekcii 3 CTpyKTypoBaHHM Ha0OpOM TMpaBHII €
JOLIIBHUM B 3aJa4yax IUIaHyBaHHsS Jiff aBTOHOMHHUMHM areHTamMd 3 BuUKopuctanHsM LLM. Merox pediekcii mo3Bomsie
y3arajibHIOBaTH JIOCBIiJl areHTa, 3HAXO0JUTH e()eKTHBHI IIpaBuiia B 3HAUHOMY 00'eMi TaHHX 3 PO3PiIKEHUM CHTHAIIOM HAropou
Ta JI0CAraTH PiBHA e()EKTUBHOCTI MOPIBHSIHOTO 3 JIIOAHHOI0-EKCIIEPTOM.

Knrowuosi cnosa: wmyynuii inmenexm, MauwuHHe HA8YAHHS, 2TUOOKE HAGYAHHSA, WMYYHI HEUPOHHI MepedCl, IHMeneKmydibHi
iHGhopmayitini cucmemu, asmMomMamu308aHi HGopmayitini cucmemu, oOpPoOKa NPUPOOHOI MOBU, GEeTUKA MOBHA MOOEb,
npoMnm, NPUUHAMMA pilleHs, acenm, nam amo, gipmyanvhe cepedoguwye, Minigrid.
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