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Abstract

Large language models are very important in constructing intelligent agents with
excellent natural language processing and logical reasoning capabilities, and the
enhancement of the intelligent autonomous decision-making ability depends on the
optimization of the agent’s memory management and dynamic reasoning mecha-
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language models based on the transformer architecture and pre-training alignment
methods. A complete agent’s memory management system, comprising hierarchical
memory modelling, multi-level information storage and retrieval, and adaptive
memory update and forgetting optimization, has been established. Additionally, a
dynamic reasoning system suitable for complex situations has been developed,
which can accomplish scenario-adaptive matching, iterative reasoning based on
memory, reduction of logical errors, and adjustment of environmental strategies by
itself. The designed technical system can overcome the shortcomings of unsatisfac-
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tory memory management and poor dynamic reasoning adaptability in traditional
intelligent agents, and significantly improve the environmental adaptability, reason-
ing accuracy, and task execution stability of large language model intelligent agents
in different kinds of complicated applications.

Keywords

Large language model; intelligent agent; memory management; dynamic reasoning

With the fast development of artificial intelligence technology, large language models have made remarkable pro-
gress in semantic understanding, knowledge creation, and logical reasoning, and the intelligent agents derived from
these models have been becoming increasingly important in the field of artificial intelligence applications. The
traditional intelligent systems have certain shortcomings in autonomous learning and adaptive decision-making,
because they do not have standardized memory management systems to store useful interaction experiences and can
not modify their reasoning strategies in response to changing situations in real time. Most of the existing agent
models use single and fixed reasoning patterns and static information storage techniques, which result in poor adapt-
ability in complicated and dynamic environments and low precision in solving multi-step reasoning problems. In
view of the increasing variety of intelligent agent applications, it is necessary to improve the basic technical frame-
work of agents. This research mainly concentrates on the memory management and dynamic reasoning core tech-
nologies, investigates the hierarchical memory operations and scenario-oriented reasoning methods, and offers tech-
nical assistance for the high-intelligence and autonomous improvement of large language model agents.

1. Core Technical Principles of Large Language Models

Large language models use a deep transformer architecture and self-attention mechanism to achieve a comprehen-
sive grasp and generation of natural language. The self-attention mechanism allows the models to extract long-range
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semantic relationships in text sequences by determining the correlation between each token, which overcomes the
problem of context loss in traditional recurrent neural network models. A large amount of unstructured data from
various fields serves as adequate training materials for the model’s preliminary training, during which the basic
rules of language, semantic knowledge, and common sense logic are learned [1]. Then, through subsequent fine-
tuning and alignment training, the reasonableness of the model’s output and its ability to follow instructions are
improved. Scaling of the model parameters further improves its generalization ability, making large language mod-
els capable of dealing with different language tasks like text generation, semantic analysis, and logical reasoning,
and providing a solid technical basis for the development of intelligent agent systems.

2. Design of Memory Management Mechanism for Large Language Model-based Intelligent
Agents

2.1 Hierarchical Division and Modeling of Intelligent Agent Memory

The memory system of large language model-based intelligent agents shows obvious hierarchical characteristics in
the interactive perception and task execution process; therefore, an appropriate hierarchical division and systematic
modeling are the basic conditions for the stable operation of the memory and efficient information retrieval. The
existing agent memory models generally use a single-layer flat structure, which cannot differentiate the attributes
of the short-term interactive information and the long-term task knowledge, leading to disorder in the storage of
information and low efficiency in complex continuous interaction situations. In this study, the agent’s memory is
divided into three main levels, namely sensory short-term memory, task medium-term memory, and semantic long-
term memory, according to the retention time, application environment, and semantic importance of the information.
Mathematical modelling and feature quantification are performed for each memory level to define the entry criteria,
retention rules, and applicable range of environments, thus effectively solving the problem of unclear memory
boundary and unorganized information distribution in the traditional agent systems [2].

2.2 Multi-granularity Memory Storage and Retrieval Mechanism

Various kinds of interactive data and task knowledge obtained by intelligent agents in changing environments have
different semantic levels, which need special storage methods and precise retrieval means to guarantee the com-
pleteness and availability of the memory information. The conventional memory storage techniques usually use
single-level coding and uniform storage, resulting in the repetition of detailed interactive information and the omis-
sion of general task rules, and thus decreasing the accuracy of memory matching in the subsequent reasoning pro-
cesses. This approach establishes a multi-level memory storage structure including fine-grained dialogue segments,
medium-grained task execution histories, and coarse-grained abstract semantic knowledge. It integrates semantic
vector representation and hierarchical indexing technology for the classification storage of multi-resolution memory
data, and employs similarity matching and prioritized selection strategies to achieve rapid and accurate retrieval of
the required memory information according to the task reasoning needs [3].

3. Design of Memory Management Mechanism for Large Language Model Agents
3.1 Division and Modeling of Agent Memory Hierarchy

The memory system of the large language model adopts a hierarchical classification model to meet the cognitive
requirements of human intelligent behaviors and fulfill the various memory needs in complex interactions. The
whole memory system is divided into three main levels, i.e., sensory memory, short-term memory, and long-term
memory, according to the retention time of information, the usage frequency, and the semantic importance. Sensory
memory is in charge of the quick acquisition and temporary storage of initial interaction information and environ-
mental data. Short-term memory retains the temporary information concerning the task and the present interaction
context for the purpose of facilitating real-time task execution [4]. Long-term memory stores the basic knowledge,
past interaction experiences, and the user’s preference information. The hierarchical model distinguishes the storage
range and functional role of different kinds of information, thereby avoiding confusion and repetition during the
continuous operation of the agents.

3.2 Multi-granularity Memory Storage and Retrieval Mechanism

Multi-level memory storage and retrieval methods accomplish the effective management and quick access to the
agent’s memory information by associating different kinds of information characteristics with corresponding
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processing techniques. The storage side divides short-term interactive data into small fragments and stores long-
term basic experiences and knowledge in a whole manner, which maintains the flexibility of timely information
modification and the reliability of important information preservation [5]. The retrieval process combines semantic
similarity matching, time factor selection, and task relevance evaluation to form a multi-faceted retrieval model.
This model can modify the retrieval weights according to certain task situations and efficiently extract valid memory
information from the large amount of stored data, while avoiding irrelevant memory contents. This method remark-
ably enhances the reaction speed of the agents in the interactive reasoning and task-performing procedures.

3.3 Memory Update, Forgetting and Error Correction Strategies

Updating the scientific memory, forgetting, and error-correcting methods maintain the up-to-date, exact, and effi-
cient nature of the agent’s memory data in repeated operations. The memory updating process uses an incremental
iteration scheme to add new interaction experiences and updated knowledge in real time, and deletes the obsolete
and unimportant information selectively. The forgetting technique obeys the decay law of memory, assigns different
attenuation coefficients according to the importance and usage frequency of the information, and deletes the invalid
and redundant memory automatically to decrease the computational load of the model. The error correction system
depends on the real-time verification of the interactive feedback and logical rule checking to find the incorrect
memory content caused by biased reasoning and information discrepancy. It corrects and repairs the erroneous
memory by means of secondary semantic analysis and data calibration, thus improving the cognitive accuracy of
the agent continually [6].

4. Construction of Dynamic Reasoning Method for Agents Facing Complex Scenarios
4.1 Constraint Conditions and Scenario Adaptation Mechanism of Dynamic Reasoning

The dynamic reasoning ability of the large language model is restricted by several aspects, including the situation
environment, task regulations, and memory information. The scenario adaptation mechanism can obtain consistent
reasoning results under different and changing circumstances. The environmental restrictions control the scope of
reasoning based on the current scene changes and variations of external conditions. The task restrictions define the
reasoning logic and output formats according to the objectives of the tasks and the operational requirements. The
memory restrictions provide useful knowledge support and reference previous experiences for the reasoning process.
The scenario adaptation mechanism constructs a model to identify scene features and extract the significant param-
eters of different applications, adjusts the reasoning constraints and logical priorities flexibly, and selects appropri-
ate reasoning modes for both simple and usual situations and complex and variable situations in order to ensure the
relevance and feasibility of the reasoning outcomes.

4.2 Memory-driven Iterative Reasoning Framework Design

The memory-based iterative reasoning system uses the agent’s hierarchical memory structure as the main foundation
for performing multi-step progressive reasoning on complicated tasks. It takes the current short-term context
memory and long-term experience memory as the basic input for reasoning, and first deduces the preliminary rea-
soning according to the basic rules of the task and the existing knowledge reserve. The iterative improvement mod-
ule gives back the reasoning outcomes to the memory system, calls up the relevant historical experience memory to
check the rationality of the initial reasoning, and supplies the missing important information. By repeating the rea-
soning process multiple times, the reasoning logic and detail are continuously optimized, thus gradually reducing
the error caused by the incomplete information. This system integrates the memory accumulation and reasoning
development in an organic way and effectively enhances the ability of the agent to reason deeply and comprehen-
sively for multi-faceted complex tasks [7].

4.3 Logical Error Correction and Optimization Method for Multi-step Reasoning

Multi-step reasoning processes often have logical mistakes such as breakpoints, premise discrepancies, and over-
lapping conclusions. Some special methods can effectively correct and improve these logical defects. The error-
detecting part checks each reasoning step in a hierarchical way, verifies the logical coherence between successive
reasoning links and the similarity between reasoning premises and the known information, and identifies the error
points exactly. The error correcting system uses specific repair plans for various kinds of reasoning errors, adds the
lost logical relations, and corrects the unreasonable premise judgments. The optimizing technique reduces the
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unnecessary reasoning procedures, combines similar reasoning contents, and forms a brief reasoning process. Thus,
it enhances the precision and speed of multi-step reasoning without affecting the logical sequence.

4.4 Adaptive Adjustment Mechanism of Reasoning Strategy in Dynamic Environment

The adaptive modification of the reasoning approach allows the agents to modify their reasoning modes and logical
strategies in response to the changing uncertain environment. Firstly, the scene sensing module obtains the real-
time perception and feature extraction of the environmental changes, then evaluates the complexity, uncertainty,
and risk of the present environment. According to the environmental characteristics and the difficulty of the task,
the strategy selection module chooses the best reasoning structure from the pre-stored reasoning library and adjusts
the reasoning depth, the number of iterations, and the correction intensity of errors dynamically. When the environ-
ment changes suddenly, this mechanism can stop the unreasonable reasoning procedures immediately, rebuild the
reasoning logic suitable for the new environment, and guarantee that the agent’s reasoning behaviour is always in
accordance with the current environmental state and task requirements [8].

5. Conclusion

This study thoroughly summarizes the main technical principles of large language models and develops a complete
intelligent agent memory management system and complex scenario dynamic reasoning mechanism. The hierar-
chical memory model and multi-level storage access strategy achieve standard and efficient management of agent
interaction information and knowledge experience, and the memory updating and forgetting mechanism guarantees
the long-term effectiveness of the memory system. The established dynamic reasoning approach integrates scene
adaptation, iterative reasoning, error correction and optimization, as well as strategy adjustment in an organic way,
and effectively compensates for the shortcomings of fixed reasoning rules and poor environmental adaptability of
traditional agents. The obtained results enhance the autonomous cognition and decision-making abilities of large
language model agents. Further research may improve the real-time performance of memory scheduling and the
generalization capability of dynamic reasoning to suit more complicated and dynamic intelligent application envi-
ronments.
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