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Abstract 

With the large-scale deployment of large language models (LLMs) in various intelligent assistants and agent 

systems, homogenized outputs and the loss of user preferences across sessions have become key bottlenecks 

restricting improvements in user experience. Personalization technology aims to adapt LLMs to the language 

habits, thinking patterns, and subjective preferences of different users, while long-context and agent memory 

management addresses the underlying technical problems of storing, filtering, and reusing temporal 

information for LLMs. Current academic research mostly treats the two directions as independent fields, and 

systematic reviews of their internal coupling relationship are relatively scarce. This study first defines the core 

concepts of LLM personalization and long-context memory management and systematically reviews the 

technical principles, advantages, and existing limitations of four personalization paradigms: prompt-

engineering personalization, lightweight parameter fine-tuning, user-preference alignment, and dynamic user 

profiling. It then divides long-context and agent-memory technologies into five routes: native-window 

expansion, context pruning and compression, adaptive context extraction, hierarchical memory architectures, 

and external retrieval-augmented memory, and analyzes the applicable scenarios and technical shortcomings 

of each route. On this basis, this study reviews progress in four intersecting directions: preference-aware 

memory updating, structured persona-memory representation, long-horizon personalization evaluation 

benchmarks, and training-free collaborative control at inference time. It further analyzes the internal coupling 

mechanism through which the two directions empower each other and summarizes three core conflicts: the 

capacity-accuracy trade-off, the conflict between general governance rules and personalized characteristics, 

and the conflict between computational cost and personalization stability. The study also summarizes five 

research challenges: difficulty in adapting to the dynamic evolution of user preferences, failure to recall 

implicit preferences, memory errors and preference drift, fragmented evaluation systems, and difficulty 

balancing engineering implementation costs. It proposes subsequent research paths in six dimensions: 

cognitively inspired memory architectures, preference-aware context compression algorithms, multimode 

hybrid indexing and retrieval, unified long-horizon personalization evaluation protocols, memory-error 

verification mechanisms, and multimodal long-term personalization. The findings indicate that long-term 

personalized intelligent systems cannot optimize the personalization module or memory module in isolation. 

Their coupling relationship should serve as the underlying design logic to promote the iterative upgrading of 

LLMs toward adaptation to individual user characteristics and to provide a reference for the theoretical 

research and engineering development of long-term agents and personalized dialogue assistants. 
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1. Introduction 

Since 2022, large language model (LLM) technology has developed rapidly. Model parameter counts have 

continued to increase, basic capabilities have steadily improved, and strong general-intelligence performance 

has been demonstrated in tasks such as question answering, text generation, and logical reasoning [1-4]. 

However, the underlying training logic of general-purpose LLMs is uniformly optimized for all Internet users. 

Model outputs therefore tend to be generalized and averaged, making it difficult to match each user’s unique 

usage habits, knowledge background, thinking patterns, and value orientations. When different users submit 

exactly the same prompt to the same foundation model, the returned answers are highly similar. This 

phenomenon, known as artificial intelligence (AI) output homogenization, reduces user engagement and limits 

the practical value of intelligent assistants [2]. Therefore, LLM personalization has become an important 

research direction in artificial intelligence. Researchers seek to use various technical means to enable LLMs 

to identify, remember, and follow individual user preferences when generating answers, thereby achieving a 

one-user-one-model interaction experience. 

Early research on LLM personalization was mostly limited to single-session interaction scenarios. Such 

methods can adapt to user preferences only within a single conversation. Once the session ends and the context 

window is cleared, the model forgets previously accumulated user habits and historical interaction information. 

When a new conversation begins, all personalization effects disappear, leading to typical problems such as 

persona reset and preference forgetting [5-8]. To address the loss of preferences across sessions, researchers 

began to introduce long-context technology and long-term agent memory systems. These approaches 

overcome the storage limit of the model’s native token window and retain multi-turn historical interactions 

across different dates, thereby providing an information carrier for long-term personalization. However, 

merely expanding the context window does not directly produce ideal personalization. Empirical studies have 

shown that, as the context length continues to expand, large amounts of interaction text cause an attention-

dilution effect. Important user-preference information is submerged in substantial amounts of irrelevant 

conversation, making it difficult for the model to locate key user characteristics accurately and instead reducing 

the quality of personalized responses [9-12]. This phenomenon indicates that personalization and long-context 

management do not have a simple additive relationship. A complex coupling mechanism of mutual constraint 

and mutual reinforcement exists between them. 

Some reviews in China and other countries have separately summarized LLM personalization technology, 

long-context technology, and agent memory systems. Some reviews focus on horizontal comparisons among 

personalization technologies and analyze the advantages and disadvantages of prompts, fine-tuning, alignment, 

and other methods. Other reviews specifically investigate technical progress in long-context extension, 

memory retrieval, memory updating, and forgetting [2-3, 9]. However, most existing reviews regard the 

personalization module and memory module as two independent systems and rarely analyze how they affect 

each other from the perspective of coupled interaction. Many existing studies conduct only one-way technical 

validation: some study how to improve personalization algorithms while assuming that the memory system is 

already a mature and fixed component, whereas others optimize memory and long-context algorithms while 

assuming that user preferences can be extracted simply and ignoring the constraints imposed by preferences 

on memory filtering, forgetting, and retrieval. The lack of an integrated analytical framework explaining the 

internal relationship between the two subsystems has also fragmented research in this direction and made 

research conclusions difficult to compare with one another. 

Based on this research status, this study limits its survey to academic literature in the arXiv preprint database 

from 2021 to 2026 concerning LLM personalization, user-profile modeling, preference alignment, long-

context optimization, long-term agent memory, and long-horizon personalization evaluation benchmarks. 

Literature on traditional Internet recommendation systems, unimodal computer-vision tasks, and embodied 

robotic agents is excluded. Original research papers are given priority and are supplemented by review papers. 

A total of 60 relevant preprints were selected as the analytical basis for this review. The core contribution of 

this study is not a new algorithm but a coupling-relationship analytical framework that connects the relatively 

separate research branches of personalization and long-context memory, clarifies their bidirectional 

mechanisms, core conflicts, existing research difficulties, and future research directions, addresses the missing 
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perspective in existing reviews, and provides a theoretical reference for the design of long-term personalized 

agents. 

2. Definition of Related Concepts 

2.1 Personalization of Large Language Models 

LLM personalization refers to using various technical means to modify or constrain the output behavior of 

an LLM so that its responses adapt to the unique characteristics of a specific user. User characteristics can be 

divided into explicit preferences and implicit preferences. Explicit preferences are habits that users directly 

express in language, such as telling an AI system, “Keep the answer as brief as possible and avoid excessive 

background.” Implicit preferences are not described directly in words. They are embedded in the writing style, 

question tendencies, and value choices found in extensive historical conversations and must be inferred 

indirectly by the model from large numbers of interaction records [13]. 

According to the position of technical intervention, personalization technologies can be divided into three 

categories. The first is inference-stage intervention, which does not change the model’s internal weights and 

relies on external prompts, retrieval results, and decoding strategies to achieve personalized adaptation. The 

second is parameter fine-tuning intervention, which uses parameter-efficient fine-tuning methods such as low-

rank adaptation (LoRA) to modify some model weights and encode user-preference information into the model. 

The third is preference-alignment intervention, which relies on alignment paradigms such as direct preference 

optimization (DPO) and reinforcement learning from human feedback (RLHF) to optimize the model’s 

preference distribution using user-feedback data [14]. Dynamic user-profile modeling is an intermediate 

component. It does not directly control model output but extracts and maintains a structured set of user 

characteristics from historical interaction data and provides user-side input information for upper-level 

personalization algorithms [15]. 

Personalization can also be evaluated at several levels. Evaluation considers not only whether response 

content matches the user’s subjective preferences but also personalization consistency, namely whether 

preferences remain stable across multiple sessions; adaptation to preference evolution, namely whether the 

model can update when the user’s views change; cold-start performance, namely whether basic user 

characteristics can be captured quickly when interaction data are scarce; and resistance to drift, namely whether 

the persona deviates after long-term interaction [6]. Many early studies focused only on response matching 

within a single session and ignored long-term indicators such as consistency and adaptation to evolution. 

Consequently, algorithms performed well in short-term experiments but deteriorated rapidly after deployment 

in long-term interaction scenarios [5]. 

2.2 Long Context and Agent Memory Management 

Long-context technology was originally intended to address the limited length of a single text input to an 

LLM. The attention mechanism of a foundation LLM has a native token-window limit, and text exceeding this 

length cannot be sent to the model in full for inference [16]. Long-context technology follows two approaches. 

The first modifies the model’s internal attention module and directly expands the maximum length that the 

native window can process. The second does not modify the model itself but uses an external storage module, 

namely an agent memory system, to save historical interactions that exceed the window limit in an external 

database. During inference, only some relevant historical content is selected and inserted into the prompt, 

thereby indirectly reusing very long temporal histories [17]. 

An agent memory system generally contains four basic subfunctions: memory writing, which receives a 

new round of dialogue and saves the interaction in the storage system; memory retrieval, which filters relevant 

historical records from the history after receiving a new user query; memory compression and summarization, 

which condenses long historical conversations to reduce token consumption; and memory forgetting, which 

identifies outdated or invalid historical information and deletes it or reduces its weight [18]. These four 

subfunctions jointly determine the overall performance of the memory system. Traditional long-context and 

agent-memory systems are mostly designed for document question answering and general tasks. Their core 

evaluation indicators focus on general text question-answering accuracy, retrieval recall, and token cost, and 

they do not include protection mechanisms designed specifically for user-preference information. This is the 
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fundamental reason why various problems arise when general memory systems are directly applied to 

personalized interaction scenarios [19]. 

2.3 Definition of the Coupling Relationship 

The coupling relationship in this study refers to the bidirectional relationship of mutual dependence and 

mutual constraint between the personalization module and the long-context memory-management module. On 

the one hand, the long-context memory system is the underlying carrier of long-term personalization. Without 

cross-session memory storage, all personalization effects are limited to a single session and cannot support 

stable, long-term user adaptation [20]. On the other hand, user-preference information becomes a decision 

signal for operations within the memory system. Ranking scores during memory retrieval, the fragments 

retained during memory compression, and the historical content deleted during memory forgetting are all 

affected by user-preference characteristics. A change in either subsystem is transmitted to the other and 

ultimately affects the overall personalized interaction. Therefore, the two systems cannot be optimized 

separately as completely independent modules. Optimizing only one module while ignoring their mutual 

constraints produces various performance bottlenecks [21]. 

3. Current Research on Technologies in the Separate Fields 

3.1 Mainstream Technical Paradigms for AI Personalization 

3.1.1 Personalization Based on Prompt Engineering 

Prompt-engineering personalization is a parameter-free inference-side method and is also one of the most 

widely used personalization methods in current industrial products. Its core idea is to organize a user’s habits 

and background information into a text placed in the system prompt. Before each round of dialogue inference, 

the user-profile text and the user’s query are concatenated and sent to the LLM input to constrain model output 

[22]. MemPrompt is an early representative work in this direction. The system constructs an external memory 

dictionary to store historical user-feedback information and reads the user information in the dictionary during 

each round of dialogue to augment the prompt, thereby achieving within-session personalization [23]. 

Prompt-engineering personalization has clear advantages: it requires no model-training process, is simple 

and fast to deploy, has low development costs, and allows rapid iterative modification of user-profile text. 

However, its shortcomings are also prominent. First, traditional prompt-engineering personalization is closely 

bound to the context of a single session. Once the session is closed, the user-profile information stored in the 

prompt disappears. Without external memory storage, all personalization effects are lost across sessions [24]. 

Second, as user interactions accumulate, the user-profile text continues to grow. Profile descriptions consume 

many tokens and reduce the input budget available for the question and answer itself, causing context 

congestion and increasing inference costs [25]. To address excessive token use, later studies introduced user-

profile summarization and compression, condensing long user histories into short profile text and reducing the 

token cost of each prompt [26]. However, text-summarization algorithms inherently lose information. 

Compression can easily discard implicit user preferences that are difficult to describe briefly and retain only a 

few explicit habits, resulting in a partial profile [27]. In general, prompt engineering alone is suitable only for 

short-term session personalization. To achieve long-term personalization across sessions, it must be used with 

an external memory-storage system [14]. 

3.1.2 Personalization Through Lightweight Parameter Fine-Tuning 

Lightweight parameter fine-tuning includes LoRA, adapters, and prefix tuning as representative technical 

routes. These methods do not update all LLM parameters. They select only a small set of auxiliary parameters 

within the model for training, use the user’s historical interactions as the training dataset, and produce user-

specific adaptation weights after training [28-30]. Compared with prompt engineering, lightweight fine-tuning 

can encode some user-preference information in the model parameters. A long user-profile text therefore no 

longer needs to be written into every prompt, which reduces the token cost of a single dialogue turn [14]. 

However, the lightweight fine-tuning paradigm has several inherent shortcomings in long-term interaction 

scenarios. First, after a user’s views or usage habits change, trained LoRA weights cannot quickly synchronize 

the updated user preferences. Adapting to new habits requires the training process to be run again, which adds 
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training time and computational cost and makes real-time dynamic adaptation to user preferences difficult [31-

32]. Second, the number of effective historical interaction samples provided by one user is usually limited. A 

small user dataset can easily cause overfitting, in which the model conforms excessively to a small number of 

historical dialogues, loses generalization ability, and shows a marked decline in response quality when 

encountering new types of questions [32]. Third, as the number of users increases substantially, the system 

must save an independent fine-tuning weight file for each user. Large numbers of user-weight files create 

substantial storage pressure and hinder large-scale deployment for ordinary users [33]. In terms of applicable 

scenarios, lightweight fine-tuning is more suitable when user preferences remain stable over time and 

interaction samples are sufficient. In daily dialogue services for ordinary Internet users, preferences change 

frequently, which clearly limits practical application of this method [34]. 

3.1.3 Personalization Through User-Preference Alignment 

Preference-alignment technologies are represented by RLHF and DPO. Their core idea is to optimize the 

model using user-feedback samples and adjust the model’s output distribution so that responses better conform 

to the user’s value orientation [35-36]. General-domain alignment is usually conducted for all users and seeks 

outputs that conform to common public values. Personalized preference alignment moves the alignment 

process to the individual-user level and optimizes alignment using each user’s feedback data [37]. User-

specific DPO is a typical approach in this direction. It collects one user’s positive and negative feedback on 

different model responses, constructs a user-specific preference dataset, and completes alignment training 

through the DPO loss function [38]. 

Personalized alignment can change the model’s output tendencies at a deeper level and produces stronger 

personalization than surface-level prompt constraints, but it also faces practical obstacles. High-quality 

preference-feedback samples from individual users are scarce, making it difficult to construct high-quality 

personal-preference datasets. Most ordinary users are unwilling to label individual AI responses as good or 

bad, and the insufficient dataset size directly limits the final effect of alignment training [39]. Alignment also 

has a time-validity problem. Users’ subjective views change over time, so past feedback no longer represents 

current views and old samples can misguide the model. Existing studies have shown that, as dialogue time 

increases, early alignment effects decay naturally and the model gradually returns to generalized output [40]. 

Training-free inference-time alignment has emerged in recent years as an improvement. It no longer performs 

separate training for each user. Instead, it introduces preference-guidance strategies at the decoding stage and 

uses external user-profile information to intervene in sampling. This approach avoids the cost of repeated 

training, but its degree of personalization is lower than that of training-based alignment [41-42]. 

3.1.4 Dynamic User-Profile Modeling 

Dynamic user-profile modeling is an intermediate supporting technology and does not directly intervene in 

model output. Its task is to continuously extract and update user characteristics from the historical interaction 

stream and output a structured user description for upper-level modules such as prompt engineering, fine-

tuning, and alignment [43]. A static user profile generates user characteristics only once and is not subsequently 

modified, so it cannot adjust as the user changes. A dynamic profile is a continuously iterative mechanism. 

After each new user dialogue, the system evaluates the existing profile, adds the user’s latest habitual 

characteristics, modifies changed understandings, and marks outdated preference records [44]. 

Dynamic user profiles face several typical difficulties in actual operation. The first is identifying outdated 

preferences. The system must distinguish habits that remain valid from views that have changed. If outdated 

information is not identified promptly, old preference content remains in the profile for a long time and 

misguides later interactions [45]. The second is profile distortion caused by context truncation. Many historical 

dialogues are discarded directly because of window limits, and some key interaction records that could be used 

to infer user characteristics are lost, ultimately causing deviations in the profile [46]. In addition, the quality 

of interaction data varies greatly among users. Some users have scattered dialogues with very low effective 

information density, which further increases the difficulty of profile extraction [47]. At present, dynamic user 

profiles are used mainly as supporting components. Their performance directly determines the upper limit of 

various upper-level personalization technologies [13]. 
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3.2 Mainstream Technical Paradigms for Long Context and Agent Memory 

3.2.1 Native Model-Window Expansion 

Native-window expansion directly modifies the internal attention module of an LLM and adjusts attention 

computation so that the model can read longer input sequences at one time. Longformer and BigBird are early 

representative models in this direction. They use sparse-attention designs to reduce the computational cost of 

long-sequence inference [48-49]. Later studies further optimized sparse-attention implementations and 

continuously extended the upper limit of native model context [50]. The main advantage of native-window 

expansion is that no external database is required. All historical text is sent directly to the model’s attention 

mechanism, so retrieval omissions do not occur [16]. 

However, the shortcomings of native-window expansion cannot be ignored. As the number of tokens 

increases, inference computation still rises substantially. Even with sparse attention, the cost of very-long-

sequence inference remains high. More importantly, attention is diluted. When the input sequence reaches 

millions of tokens, the model’s ability to capture scattered key information in the text decreases markedly, and 

user-preference information embedded in extensive conversational text becomes difficult for the model to 

notice [51-52]. Simply expanding the native window without limit does not automatically solve long-term 

personalization. Large amounts of historical interaction instead interfere with the model’s judgment of key 

user characteristics [10]. Because of the dual constraints of computation and attention dilution, native-window 

expansion is generally used together with other memory methods and is rarely used alone to process user 

dialogue histories spanning several months [9]. 

3.2.2 Context Pruning and Compression 

The core purpose of context pruning and compression is to control the total input-sequence length, retain 

high-value information under a limited token budget, and remove redundant and invalid text. Pruning 

techniques generally use importance scores to assess each segment in the context and directly delete segments 

with lower scores. Summarization and compression techniques retain the core semantics of the text while 

rewriting and shortening the original text to reduce token use [53]. Sliding-window summarization and hybrid 

vector-text compression are two current mainstream approaches [54-55]. 

General pruning and compression algorithms were developed for document question-answering tasks. 

Their scoring mechanisms prioritize factual information and do not protect user-preference information. This 

is their most prominent defect in personalization scenarios. Many implicit user preferences are distributed 

across multiple dialogues. Each text segment has a low importance score when considered separately and can 

be deleted easily by general pruning, causing irreversible loss of user-preference information [19]. Related 

empirical studies have confirmed that directly applying general context-pruning tools to user dialogue histories 

has a clear negative effect on long-term personalization [12]. Identifying and protecting user-preference 

information during compression and pruning has therefore become an urgent practical problem [20]. 

3.2.3 Adaptive Context Extraction 

Adaptive context extraction does not read the entire history at once. When a new user query is received, 

segments semantically related to the current query are extracted from all historical records and sent to the 

model input. This method does not occupy a fixed number of tokens. The historical records retrieved for each 

dialogue change dynamically with the user’s current question [18]. Semantic-similarity retrieval is the most 

commonly used implementation. It calculates the semantic similarity between historical records and the current 

query through vector embeddings and selects the highest-ranked historical segments [17]. 

Semantic-similarity retrieval has an inherent shortcoming: semantic matching can capture only historical 

content directly related to the current query. Many user preferences have low semantic similarity to the current 

query but still constrain how the model should answer. For example, a user may have a long-term preference 

for concise responses. This preference is not strongly tied to any specific type of question, and semantic-

similarity retrieval cannot reliably retrieve such global user habits, causing them to be lost frequently [56]. 

Adaptive extraction based only on semantic similarity is more suitable for factual information queries and has 

poor recall for non-task preferences such as global user habits [57]. 
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3.2.4 Hierarchical Memory Architectures 

Hierarchical memory architectures draw on human memory mechanisms and divide agent memory into 

several levels, generally short-term, medium-term, and long-term memory. Short-term memory corresponds 

to the model’s current context window and stores the most recent rounds of raw dialogue. Medium-term 

memory stores initially summarized session content. Long-term memory stores deeply condensed core user 

characteristics and important historical events [58]. Migration logic is established between levels. After short-

term memory accumulates to a certain size, it is summarized and refined, important information is moved to a 

higher level, and unimportant content is discarded. MemoryBank and HiMem are typical hierarchical memory 

systems [58-59]. 

A hierarchical architecture distinguishes the retention periods of different information. Raw dialogues, 

session summaries, and core user characteristics are stored separately, reducing the number of tokens read 

during a single inference. However, its design difficulty lies in the migration logic between levels. It is difficult 

to manually define a complete set of migration rules that determines which information should be promoted 

into long-term memory and which information should be discarded directly [21]. Most existing hierarchical 

memory systems still use general standards of information importance and lack migration logic specific to 

user-preference information. Whether global user habits are consolidated into long-term memory is therefore 

highly random [20]. Using user-preference characteristics as a basis for hierarchical migration decisions is 

essential for adapting hierarchical memory systems to personalization scenarios [58]. 

3.2.5 External Retrieval-Augmented Memory 

External retrieval-augmented memory uses a vector database to persist historical interaction data. All 

historical dialogues are vectorized and stored in the database. When a user query arrives, it is converted into a 

vector and used for similarity retrieval in the vector database. Matching historical records are returned and 

concatenated into the model prompt for inference [18]. This method is a commonly used external-memory 

implementation in engineering applications. Its storage capacity is almost unlimited and it can retain user-

interaction histories spanning several months [8]. 

A vector database is responsible only for storage and similarity matching and cannot understand changes 

in user preferences. The performance ceiling of the entire system depends on the retrieval strategy, memory 

updates, and memory down-weighting logic. Old records of user habits remain in the vector database. Without 

corresponding down-weighting and forgetting mechanisms, preference records that are no longer valid may 

still be retrieved and interfere with the model’s current output [57]. Semantic representation errors in vector 

embeddings also cause retrieval errors, and some user-preference information cannot be recalled normally. 

Retrieval-augmented memory is only a storage and retrieval foundation. To support long-term personalization 

tasks, it must be combined with preference-aware memory-update and forgetting strategies [20]. 

4. Progress in Intersecting Research and Analysis of the Coupling Mechanism 

4.1 Current Intersecting Research on Personalization and Long-Context Memory 

As researchers have gradually recognized that the two systems cannot be designed separately, studies on 

their collaborative optimization have increased. Preference-aware memory updating is an important research 

route. It introduces extracted user-preference information into memory-system operations. Memory writing, 

scoring, compression, and forgetting no longer depend solely on text semantics; they also refer to the value 

weights of user preferences, prioritize the protection of dialogue segments containing user habits, and reduce 

the probability that preference information is deleted incorrectly during memory processing [20]. Such work 

demonstrates that user-preference information can reshape the filtering logic of the memory system in reverse 

and reduce preference loss during long-term personalization. However, most current preference-aware 

memory algorithms still use the user profile as external input. The extraction quality of the profile directly 

determines the final performance of the algorithm. If the extracted profile is biased, memory filtering will also 

be incorrect [21]. 

Structured persona-memory representation does not store historical dialogues as raw text. Instead, it parses 

user preferences into structured data, such as a graph, and stores them in the memory system. Graph nodes 

store specific user preferences, and edges record relationships among preferences. Compared with ordinary 
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text records, structured representations can express the internal relationships among user characteristics more 

clearly, allow the system to read global usage habits quickly, and improve the poor recall of global preferences 

in traditional semantic retrieval [57]. However, structured representations also have clear shortcomings. 

Preference parsing itself causes information loss, some subtle implicit preferences are difficult to convert fully 

into graph nodes, and the dynamic updating and maintenance of the graph structure are difficult as the user 

produces new interactions [21]. 

Long-horizon personalization evaluation benchmarks are supporting research in this direction. Traditional 

LLM evaluation datasets mostly cover only a single session and cannot measure actual personalization 

performance under long-term cross-session interaction. Benchmarks such as LaMP-2, VitaBench 2.0, and 

AdaMem construct continuous user interactions spanning dozens or even hundreds of turns and can test 

personalization consistency, adaptation to preference evolution, and memory forgetting across sessions [5, 56, 

60]. Only after the emergence of these evaluation tools could researchers quantitatively assess the effect of 

memory systems on personalization. However, task settings and evaluation indicators differ across datasets. 

Different studies use different benchmarks, making horizontal comparison difficult, and the evaluation system 

remains fragmented [6]. 

Training-free collaborative control at inference time attempts to connect the memory-reading process with 

personalized decoding. After the memory system retrieves relevant historical user information, the content is 

not only inserted into the prompt; the extracted user-preference characteristics also act directly on the model’s 

decoding stage and guide preferences during sampling [41]. This approach does not require repeated user-

specific training. It directly connects memory-retrieval output with personalization intervention during 

inference and enables data exchange between the memory and personalization modules. However, research in 

this area remains at an early stage, methods have limited maturity, and performance varies greatly among users 

[42]. 

Overall, intersecting research has confirmed that data exchange between the personalization and memory 

modules can substantially improve the final effect of long-term interaction. However, most existing 

collaborative methods still involve only simple data-level connections and have not achieved deep coupling. 

The optimization objectives within the two modules are still set separately, and no unified overall loss function 

or evaluation objective guides joint optimization of the complete system. Joint training and joint optimization 

remain unresolved difficulties in this direction [21]. 

4.2 Analysis of the Bidirectional Coupling Mechanism 

The complete data-flow relationship between the two subsystems is shown in Figure 1. 

Personalization and long-context memory management form a bidirectional relationship of mutual 

reinforcement. First, long-context memory management provides the underlying information carrier for long-

term personalization. All user preferences originate from past interactions. Without cross-session memory 

storage, all historical interactions are cleared whenever a new dialogue begins, and personalization is limited 

to a single session [20]. The writing, storage, and retrieval capabilities of the memory system determine how 

far back the model can access user interactions and directly determine how long the personalization effect can 

be maintained. Different memory technologies change how historical information is retained and accessed, 

which in turn changes the user preferences available to the model. Native windows, pruning and compression, 

hierarchical memory, and retrieval augmentation each impose different constraints on personalization. Defects 

in the memory module are transmitted upward and directly become performance bottlenecks for long-term 

personalization systems [21]. 

Second, personalized user preferences, in turn, constrain the internal processing logic of the memory system. 

Traditional memory systems optimize factual information storage and query accuracy. In personalization 

scenarios, the evaluation objective changes, and protecting user-preference information and adapting to the 

evolution of user habits become important tasks [19]. User-preference characteristics can act on the entire 

memory life cycle. During memory writing, the system identifies whether the current dialogue segment 

contains user preferences. During memory retrieval, it increases the matching weight of global preference 

records. During memory compression, it reduces the compression applied to segments containing preferences 

to avoid excessive information reduction. During memory forgetting and down-weighting, it distinguishes 

outdated preferences from valid preferences to avoid incorrectly down-weighting or deleting valid user habits 
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[20]. Without constraints from the personalization side, general memory logic processes dialogue history 

according to the standards of factual-query tasks, causing preference information to be lost [60]. 

Figure 1: Flowchart of a Coupled Collaborative System for Long-Term Personalized Agents 

 

Traditional research mostly uses a separated architecture in which the memory module and personalization 

module are isolated from each other. The key differences between the two architectures are shown in Figure 

2. 

Figure 2: Comparison of the Traditional Separated Architecture and the Coupled Collaborative Architecture 
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4.3 Analysis of Three Core Conflicts 

First, a trade-off conflict exists between capacity and accuracy. The more historical interactions the memory 

system stores, the more user-related information is theoretically available. However, as the total amount of 

historical data increases, retrieval becomes more difficult and attention dilution intensifies. More irrelevant 

conversation instead interferes with the model’s identification of actual user preferences [10]. Deliberately 

reducing memory capacity deletes many historical records and can reduce noise, but it can also directly remove 

important user-preference records. Therefore, long-term personalization systems always face a trade-off 

between memory-storage capacity and personalization accuracy. There is no fixed optimal storage size. The 

optimal threshold changes dynamically with the information density of each user’s interactions, and a static 

upper limit on memory capacity cannot adapt to all users [60]. 

Second, a conflict exists between general governance rules and personalized characteristics. Most existing 

rules for memory compression, retrieval, and forgetting are fixed globally, and one set of parameters is applied 

to all users [20]. However, the forms of preference expression vary greatly among users. Some users’ 

preferences are widely distributed across casual conversations, whereas other users’ habits are concentrated in 

a few explicit statements. Fixed and uniform memory-processing rules cannot adapt to every user’s 

characteristics. They may work reasonably well for some users but incorrectly delete preferences or fail to 

retrieve them for others [21]. Adapting memory-governance rules to individual users is essential for resolving 

this conflict [60]. 

Third, a conflict exists between computational cost and personalization stability. Maintaining high 

personalization stability requires retaining more historical interactions and performing more complex 

preference identification and memory filtering, which increases the computational cost of retrieval, 

summarization, and inference [8]. Reducing system computation requires simplifying memory processing and 

compressing historical storage, but this increases the probability of preference loss and reduces personalization 

stability. Engineering implementation requires a balance between the two. Current quantitative research on 

this trade-off remains insufficient and cannot provide quantitative reference indicators that can be used directly 

for engineering deployment [21]. 

4.4 Comparative Performance Analysis of Typical Memory Methods 

To quantify the actual effects of different memory architectures on long-horizon personalization, this study 

compiled the core performance indicators of five representative memory methods on public evaluation datasets, 

as shown in Table 1. The overall numerical changes show that the five methods improve progressively in 

explicit-preference accuracy, cross-session consistency, and implicit-preference recall. The main reason for 

the performance differences is the degree of coupling between the memory system and the user-preference 

module, further confirming that their coupling relationship has a decisive effect on final personalization 

performance. 

From the perspective of technical evolution, MemPrompt and general vector-retrieval memory are early 

separated designs. Their memory modules store and retrieve information only according to general semantic 

rules and are completely unaware of user-preference characteristics. Their explicit-preference accuracy 

remains in the range of 70% to 76%, but implicit-preference recall is below 60%, and cross-session consistency 

is the lowest. The fundamental reason is that the memory-processing workflow lacks reverse constraints from 

the user profile. General importance scoring and semantic-retrieval logic cannot identify implicit habitual 

information scattered across conversations and can easily delete preference-related segments incorrectly 

during compression and filtering, causing rapid deterioration of personalization during long-term interaction. 

The hierarchical memory architecture represented by MemoryBank improves information-retention 

efficiency through a three-level storage structure and produces small improvements in all indicators compared 

with general retrieval methods. However, the hierarchical migration rules still use global general standards and 

do not assign specific retention priority to user preferences. Whether long-term user habits are consolidated 

into the long-term memory level is therefore highly random. Performance gains are limited and do not 

overcome the overall bottleneck of separated designs. 

PAMU preference-aware memory and AdaMem adaptive memory are representative coupled collaborative 

methods. Both introduce user-preference characteristics into memory processing throughout the memory life 
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cycle and use the user profile to constrain memory in reverse. PAMU uses preference weights to correct 

memory scoring and filtering rules, directly reducing the probability that preference information is deleted 

incorrectly and increasing implicit-preference recall to more than 70%. AdaMem further adapts memory-

governance rules to individual users and dynamically optimizes parameters according to each user’s interaction 

characteristics, so all three indicators reach their best levels. However, stronger coupling also increases 

computational complexity. Preference identification and rule adaptation add computational costs and are major 

constraints on large-scale deployment of such methods. 

Overall, the memory system cannot optimize performance independently of the personalization module. 

Increasing storage capacity and retrieval speed alone cannot effectively improve long-horizon personalization. 

Significant improvements in evaluation indicators require a bidirectionally coupled collaborative mechanism 

in which user preferences are deeply involved throughout memory writing, retrieval, compression, and 

forgetting. This also indicates the core direction for subsequent technical optimization. 

Table 1: Performance Comparison of Typical Memory Methods for Long-Horizon Personalization Tasks 

Method 
Technical 

Category 

Evaluation 

Benchmark 

Explicit-

Preference 

Accuracy 

(%) 

Cross-

Session 

Consistency 

(%) 

Implicit-

Preference 

Recall (%) 

Core Characteristics 

MemPrompt 

Basic Prompt-

Memory 

Method 

LaMP-2 71.2 62.3 48.7 

Simple deployment 

and no additional 

training; rapid 

deterioration during 

long-term interaction 

and severe loss of 

implicit preferences. 

General 

Vector-

Retrieval 

Memory 

External 

Retrieval-

Augmented 

Method 

LaMP-2 75.8 68.5 55.2 

Almost unlimited 

storage capacity; 

semantic matching 

only, with poor recall 

of global preferences. 

MemoryBank 

Hierarchical 

Memory 

Architecture 

VitaBench 

2.0 
78.3 74.6 61.4 

Three-level 

hierarchical storage 

reduces token costs; 

general migration 

rules make preference 

consolidation highly 

random. 

PAMU 

Preference-

Aware 

Memory 

Preference-

Aware Update 

Method 

LaMP-2 82.7 79.1 70.8 

Preferences constrain 

the full memory 

workflow in reverse; 

performance depends 

on profile-extraction 

quality, and profile 

bias is propagated. 

AdaMem 

Adaptive 

Memory 

User-Centered 

Collaborative 

Method 

AdaMem-

Bench 
85.4 83.6 76.3 

User-adaptive 

governance rules; 

high computational 

cost and expensive 

large-scale 

deployment. 

5. Major Challenges Facing Current Research 

First, adapting to the dynamic evolution of user preferences is difficult. Users’ views and usage habits do 

not remain unchanged permanently but change over time. The system must identify newly developed 

preferences and promptly identify outdated preferences to reduce interference from old records. Distinguishing 

between a preference that has temporarily not appeared and a preference that has changed completely is 

difficult. Users often do not directly state that their views have changed, so changes can only be inferred 
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indirectly from scattered conversations [45]. Most current systems use relatively simple methods to process 

preference evolution and lack a mature mechanism for determining whether an old preference remains valid 

[44]. 

Second, the recall of implicit preferences can fail. Compared with explicit preferences stated directly, 

implicit user habits are distributed across extensive historical conversations and lack a unified and explicit 

textual description. Summarization and compression, memory pruning, and semantic retrieval are all poorly 

suited to implicit preferences. Vector embeddings cannot represent implicit preferences precisely, and scoring 

mechanisms have difficulty identifying their value. As a result, such preferences are often stored in the memory 

database but cannot be retrieved normally [19]. Failed recall of implicit preferences is an important cause of 

deteriorating personalization after long-term interaction and is a major difficulty in current research [57]. 

Third, memory errors and preference drift occur. A memory error means that the memory system produces 

an incorrect user-preference record, incorrectly parses dialogue content, and extracts a user habit that does not 

actually exist. As interaction turns accumulate, incorrect memories can be retrieved repeatedly, and the 

incorrect information is continuously reinforced. Preference drift then occurs, and the user characteristics 

retained by the model deviate from the user’s actual habits [60]. Once an incorrect memory is consolidated 

into the long-term memory level, it is difficult to remove. Current technologies have very limited methods for 

detecting memory errors [21]. 

Fourth, the evaluation system is fragmented. The long-horizon personalization datasets and evaluation 

indicators used by different research teams are not uniform. Some evaluations focus more on the accuracy of 

explicit-preference matching, while others emphasize implicit preferences. The interaction lengths and task 

types in the datasets also differ. Research lacks a unified test standard, making experimental results from 

different papers difficult to compare and hindering technical iteration across the field [6]. Establishing a 

commonly accepted unified evaluation system is an urgent need for subsequent development [56]. 

Fifth, engineering implementation costs are difficult to balance. When long-term personalized agent 

services are deployed for large numbers of users, an independent personal memory database must be 

maintained for each user. Memory writing, vectorization, retrieval, and summarization all consume server 

computing resources [8]. Interaction frequency varies greatly among users, and frequent users produce 

extensive dialogue histories that create substantial computational pressure. Controlling total computing costs 

while maintaining personalization quality and balancing service quality against operating cost are unavoidable 

practical challenges in moving from academic research to product implementation [21]. 

6. Future Research Paths 

First, cognitively inspired hierarchical memory architectures should be constructed. Agent memory-level 

migration logic should be redesigned according to the cognitive principles of human memory. General 

importance standards should no longer be used, and user-preference identification results should be 

incorporated into memory-level migration decisions [58]. Information identified as user preferences should 

receive higher retention priority. Temporary factual information should be distinguished from long-term user 

habits, and migration and elimination rules among short-term, medium-term, and long-term memory should 

be optimized to reduce the loss of user-preference information during movement between levels. The capacity 

limit of each memory level should also be adapted to each user instead of using a globally uniform static 

capacity [60]. 

Second, preference-aware context compression and pruning algorithms should be developed. The 

traditional compression and pruning logic based only on textual-semantic scores should be changed by 

embedding a preference-identification submodule in the compression workflow to identify whether text 

segments contain explicit or implicit user preferences [20]. Dialogue segments containing user preferences 

should receive less compression and higher retention weights to prevent irreversible deletion of preference 

information during text reduction. Specific identification strategies should be designed for implicit preferences 

to reduce the damage caused by summarization and compression to distributed implicit habits and to produce 

a better trade-off between the token budget and preference protection [19]. 

Third, a multimode hybrid indexing and retrieval mechanism should be developed. The mode that relies 

only on semantic vector similarity should be replaced with a hybrid indexing system. In addition to a basic 
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semantic vector index, a separate user-preference index should be added, with an independent index entry for 

every extracted user habit [57]. Retrieval should refer to both semantic similarity and preference-index 

matching results. This would increase the recall probability of global user habits, improve the poor retrieval of 

global preferences that are not tied to specific tasks in traditional semantic retrieval, and reduce the frequency 

of failed implicit-preference recall [60]. 

Fourth, a unified long-horizon personalization evaluation protocol should be established. The advantages 

of existing long-horizon personalization datasets should be integrated to form a relatively accepted benchmark 

for the field [56]. Evaluation indicators should not calculate only preference-matching accuracy within a single 

session. They should include cross-session consistency, the ability to follow preference evolution, implicit-

preference recall, the incidence of memory errors, and performance changes at different interaction lengths [5]. 

A unified evaluation protocol would enable horizontal comparison among different algorithms and accelerate 

iteration across the field [6]. 

Fifth, a mechanism for verifying and clearing memory errors should be established. User-preference records 

stored in the memory database should be checked and compared regularly. The latest user interactions should 

be used to determine whether old preference records still conform to the user’s current actual habits and to 

identify incorrect memories and outdated historical preferences [45]. Confidence weights should be assigned 

to memory records. Retrieval weights should be gradually reduced for preference records whose confidence 

continues to decline, and confirmed incorrect memory entries should be removed. This would prevent repeated 

propagation and accumulation of incorrect memories and reduce preference drift during long-term interaction 

[60]. 

Sixth, long-term personalization should be extended to multimodal settings. Most current related research 

is limited to text-only dialogue, whereas future intelligent agents will process large amounts of multimodal 

user-interaction data, including images and audio. Many personal preferences are reflected in image and audio 

content. Extracting user preferences from multimodal interaction streams, incorporating multimodal 

preference information into memory systems, and constructing long-term personalization systems in 

multimodal environments are important future directions [7]. At present, relatively few studies address 

multimodal long-term personalization, leaving substantial room for exploration [21]. 

7. Conclusion 

Long-term personalization is an important direction for moving LLMs toward personal applications. 

Personalization and long-context management are not two independent technical modules but have a close 

coupling relationship. The long-context memory system provides the underlying cross-session information 

carrier for personalization, while user preferences determine the criteria for writing, retrieving, compressing, 

and forgetting within the memory system. If the two modules are optimized separately and only one-sided 

technical indicators are considered, three inherent conflicts arise: capacity versus accuracy, general rules versus 

individual characteristics, and computation versus stability. 

Current research in this field still faces practical challenges, including difficulty adapting to the dynamic 

evolution of user preferences, failed recall of implicit preferences, memory errors and preference drift, 

fragmented evaluation systems, and difficulty balancing engineering implementation costs. Future work 

should adopt a system-design approach based on coupled collaboration, develop cognitively inspired memory 

architectures, preference-aware context compression algorithms, multimode hybrid indexing and retrieval, and 

mechanisms for verifying and clearing memory errors, establish a unified long-horizon personalization 

evaluation system, and gradually extend research to multimodal personalization scenarios. Subsequent 

research should move beyond optimizing only the personalization algorithm or only the memory module and 

should use the coupling relationship between the two as the core starting point for system design, thereby 

further advancing long-term personalized LLM-agent technology toward mature implementation. 
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