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Adaptive context management in RAG systems for personalized Al
assistants

Relevance. The development of artificial intelligence systems based on large language models (LLMs) highlights the problem
of effective dialogue context management, as conventional history storage mechanisms often lead to context overload and a
reduction in response generation quality. This problem is particularly acute in Retrieval-Augmented Generation (RAG) systems,
where dialogue memory is combined with dynamic retrieval of external knowledge, creating an additional burden on the model's
limited context window. Existing approaches to context management do not provide an adaptive mechanism for dialogue context
formation that accounts for individual user characteristics and domain specificity. Goal. Development and testing of an Adaptive
Context Management System (ACMS) for personalized RAG assistants, which combines a sliding window of recent messages,
compressed summaries of long-term history, and personalized knowledge retrieval from the database. Research methods. A
microservice architecture has been developed, including an Al Orchestrator for coordinating the RAG process, a vector search
service based on PostgreSQL with pgvector extension, and a central ACMS component for context management. The proposed
approach synthesizes three strategies: sliding window to preserve the last N messages, LLM-based compression of old history
fragments into thematic summaries, and a personalization layer for weighting relevance based on user vector profiles. Final
context formation is performed through adaptive mixing of dialogue history and relevant knowledge from the database, taking
into account individual user profiles. Results. The experimental evaluation demonstrated significant advantages of the adaptive
system compared to the baseline approach. In pairwise comparisons, the adaptive system proved superior in 62% of cases
(Answer Win-Rate = 0.62). The key factor for improvements was the personalization layer, which reduces repetitions and off-
topic content from dialogue history, provides targeted amplification of relevant documents, and enables flexible regulation of
the balance between history and knowledge. Conclusions. The developed adaptive context management system provides
effective dialogue context management in RAG systems for personalized Al assistants. The integration of compression strategies,
adaptive window, and user personalization enabled a 14% increase in response relevance and a 22% optimization of context
volume. Experimental validation confirmed the practical feasibility of the proposed approach across different subject domains,
as well as system scalability when working with large volumes of historical data.
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Introduction

The proliferation of artificial intelligence systems based on large language models (LLMSs) has
intensified the need for effective dialogue context management. Conventional message history storage
mechanisms result in context overload, relevance degradation, and diminished response quality. This
challenge is particularly pronounced in Retrieval-Augmented Generation (RAG) systems, where dialogue
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memory must be reconciled with dynamic external knowledge retrieval, thereby imposing additional
constraints on the model's limited context window.

Current approaches to context management in dialogue systems can be broadly categorized into static
and dynamic paradigms. Static methods employ fixed-length context windows or simple history
truncation, inevitably resulting in the loss of critical information from earlier dialogue stages. Dynamic
approaches, conversely, endeavor to adapt context based on situational factors, yet typically fail to
accommodate individual user characteristics and domain-specific requirements. The fundamental
challenge lies in the absence of an adaptive mechanism capable of flexibly constructing dialogue context
while accounting for user profiles, interaction history, domain constraints, and task requirements. This
research presents an approach that synthesizes sliding window strategies, LLM-based context
compression, and personalization techniques into an integrated Adaptive Context Management System
(ACMS) for personalized Al assistants.

The objective of this research is to develop an adaptive context management system within the RAG
architecture that accounts for current dialogue state and message history, determines the relevance of
historical messages to current queries and integrates user domain preferences and behavioral
characteristics. Achieving this objective necessitates addressing several interrelated challenges:
developing a microservice architecture for context management, implementing an adaptive context
compression module leveraging LLM capabilities, integrating a personalization layer that accommodates
individual user profiles, and conducting rigorous experimental evaluation to assess the impact of
adaptivity on response quality.

1. Research Problem Statement

Adaptive context management in Retrieval-Augmented Generation (RAG) systems represents a
critical requirement for developing personalized Al assistants capable of delivering relevant, accurate,
and individualized responses. RAG has emerged as a promising paradigm for addressing the limitations
of standalone language models through the integration of external knowledge bases into the response
generation pipeline. This approach enables dynamic retrieval of relevant documents from organizational
repositories, thereby substantially enhancing factual accuracy without requiring fine-tuning of the
underlying model. Nevertheless, conventional RAG implementations encounter several significant
challenges: the accumulation of excessive or redundant context within dialogue history, inefficient
utilization of constrained token budgets, and the absence of personalization mechanisms that
accommodate user-specific or domain-specific requirements. As dialogue length increases in LLM-based
systems, the construction of compact yet comprehensive context becomes increasingly problematic. In
RAG architecture, the confluence of dialogue memory and dynamically retrieved knowledge precipitates
information redundancy and consequent degradation of response quality.

These challenges become particularly pronounced in extended dialogue sessions characteristic of
domains such as financial consulting and technical support. The naive inclusion of complete interaction
history results in context window saturation, computational latency, and diminished response relevance
attributable to information overload. Conversely, wholesale elimination of historical context
compromises dialogue coherence and results in the loss of critical information regarding prior interaction
steps.

Contemporary dialogue compression approaches have demonstrated that substantial reductions in
context volume can be achieved while preserving essential information with minimal quality degradation.
However, most of such methods employ uniform compression strategies that fail to consider individual
user characteristics, domain-specific nuances, or the inherently dynamic nature of conversational
interactions. This limitation underscores the imperative for adaptive context management mechanisms
capable of intelligently mediating between dialogue history preservation and external knowledge
integration, while simultaneously accounting for personalized user preferences and contextual
requirements.

2. Analysis of Recent Research and Publications

The Retrieval-Augmented Generation (RAG) paradigm was originally introduced in [1] as an
approach for enhancing the factual accuracy of language models through the integration of external
knowledge bases. The basic architecture combines the parametric memory inherent in neural networks
with non-parametric memory instantiated as document corpora, thereby facilitating dynamic retrieval of
contextually relevant information during response generation.
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The problem of context window limitation has been addressed in works showing that even models
with extended context (32k+ tokens) experience the "lost in the middle" effect, when important
information embedded within lengthy context is ignored [2, 3]. To overcome this complexity, Recomp
document compression method was proposed [4], which preserves essential information while achieving
40-60% volume reduction.

Personalization in dialogue systems has been explored as personalized search based on user history in
[5], and in [6] this approach was extended through support for long-term memory about the user across
multiple conversational sessions. For managing long dialogues, [7] proposed MemGPT — a system with
hierarchical memory that automatically moves information between working context and long-term
storage. Similar strategies are implemented in frameworks like LangChain Memory [8], which provide
tools for history storage and compression. Modern frameworks, particularly LangChain and Llamalndex,
provide modular architecture for building RAG systems [8, 9]. The RETRO system demonstrated that
combining parametric and non-parametric memory allows achieving the performance of large models
with lower computational costs [10].

The problem of hallucinations in RAG has been investigated with demonstration that adding externally
retrieved evidence reduces their level by approximately one-third [11]. For further improvement, Self-
RAG was proposed — a method for self-verification of generated responses [12].

Analysis of the presented works reveals several important trends and unresolved problems. First, most
existing RAG approaches focus on optimizing individual components without comprehensive
consideration of the interaction between dialogue history management and external knowledge. Second,
although personalization is actively researched, its integration into RAG systems remains fragmented.
Thus, there exists a demand for an integrated approach with dynamic balancing between dialogue history
and external knowledge depending on user profile.

3. Architecture and Methodology

The adaptive context management algorithm integrates three fundamental strategies. The Sliding
Window strategy maintains the most recent N user messages in their complete form, ensuring the
availability of current information. LLM-Based Compression consolidates historical messages into
concise thematic summaries, preserving semantic content while substantially reducing token
consumption. The Personalization Layer dynamically adjusts message relevance and weighting based on
user embedding profiles that capture individual interests and behavioral patterns.

The final context is constructed through the composition of heterogeneous components: a system
prompt that defines assistant behavior, a user profile summary, condensed dialogue history, the most
recent N messages in full, and relevant knowledge retrieved through the RAG mechanism. The system's
technological stack comprises PostgreSQL with the pgvector extension for persistent storage of dialogue
history and vector representations, Redis for caching active context to enhance performance, the OpenAl
GPT-4 API for LLM-based compression, and FastAPI as the primary framework for implementing
Python-based microservices.

The developed Adaptive Context Management System (ACMS) employs a microservice architecture
consisting of the following components (Fig. 1). The Al Orchestrator coordinates system operations by
analyzing queries, initiating parallel document retrieval, accessing the Context Manager for optimized
history, constructing the final context through the Personalization Layer, and submitting requests to the
generative model. The Vector Search Service, implemented on PostgreSQL with pgvector, enables
efficient vector search using the HNSW algorithm. Redis Cache maintains active context for current
sessions, including the most recent N messages and compressed summaries with a 24-hour TTL. The
Compression Engine utilizes GPT-40-mini for history compression, offering an optimal balance of
quality, speed, and cost-effectiveness.
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The Adaptive Context Management System (ACMS) serves as the central component responsible for
the formation, updating, and optimization of dialogue context. The Context Manager implements adaptive
management through three mechanisms:

1. Sliding Window maintains the most recent k messages, where k is dynamically determined by the
formula:

k = min(k_max, floor((token_budget - system_tokens - rag_tokens) / avg_msg_length)) (D)

2. History Compression operates on messages beyond the sliding window by segmenting the dialogue
into semantic blocks of 5-10 messages. For each block, importance is evaluated based on proximity to
the current query, alignment with the user profile, and the presence of key entities (e.g., names, numbers,
dates, decisions). High-scoring blocks are retained in greater detail, while less relevant segments undergo
aggressive compression via LLM-based methods.

The Personalization Layer (Fig. 2) constitutes a critical component of ACMS, ensuring system
adaptation to individual user characteristics throughout all stages of context formation. This layer
employs vector representations of user profiles to assess the relevance of both dialogue history fragments
and documents retrieved from the knowledge base. Consequently, the system makes informed decisions
regarding which contextual elements to preserve, compress, or discard, considering not only semantic
proximity to the current query but also alignment with user interests and domain-specific requirements.

The Personalization Layer operates at three levels.

Level 1 — History Personalization:

score_hist(fragment) = o sim(fragment, query) + g sim(fragment, user_profile) + y recency(fragment)

Fragments with score_hist < 0.4 are designated as candidates for compression
Level 2 — RAG Personalization:

score_rag(doc) = a' sim(doc, query) + ' sim(doc, user_profile) + y' domain_relevance(doc)
Level 3 — Dynamic Balancing:
final_context = system + profile + o_history - history + (1 - a_history) - rag_docs

where a_history is computed adaptively based on dialogue length, query type, and the quality of RAG
results.

The user profile is represented in both structured form (domain, expertise level, preferences) and
vector form (weighted average of all user messages and positively rated documents with exponential
smoothing, A = 0.9).

The evaluation protocol for assessing system quality and efficiency employed an LLM-as-a-Judge
framework with rubrics encompassing coherence, sufficiency, efficiency, personalization, and factual
accuracy. An integrated metric was calculated as a weighted sum, while judgment stability was enhanced
through three independent runs at zero temperature followed by averaging. The evaluation dataset
comprised 100 queries across two domains: finance and technical support. Additional metrics included
relevance@5, context coherence, token economy (defined as the ratio of tokens in the adaptive variant to
the baseline), and the win rate in pairwise response comparisons.
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4. Results
The evaluation protocol for assessing system quality and efficiency employed an LLM-as-a-Judge

framework with rubrics encompassing coherence, sufficiency, efficiency, personalization, and factual
accuracy. An integrated metric was calculated as a weighted sum, while judgment stability was enhanced
through three independent runs at zero temperature followed by averaging. The evaluation dataset
comprised 100 queries across two domains: finance and technical support. Additional metrics included
relevance@5, context coherence, token economy (defined as the ratio of tokens in the adaptive variant to
the baseline), and the win rate in pairwise response comparisons.
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Taba.1 Pesynomamu anpobayii
Table. 1 Testing results

Metric Baseline Model ACMS (Adaptive) ACMS (Adaptive)
relevance@5 0.74 0.84 +13.5%

context coherence 0.68 0.77 +13.2%

Token Economy 1.00 0.78 —-22%

Answer Win-Rate - 0.62 -

The Personalization Layer emerged as the critical factor driving performance improvements. Its
impact manifests through the reduction of repetitive and irrelevant content from dialogue history, as well
as through targeted amplification of knowledge base documents that better align with user profiles and
query characteristics. An additional effect is achieved through flexible adjustment of the mixing
coefficient between history and knowledge components. This enables the construction of context that
maintains coherence and sufficiency without excessive expansion of the language model prompt. In
practice, this translates into more stable responses in extended dialogues within finance and technical
support scenarios, where errors stemming from irrelevant fragments are particularly detrimental.

5. Discussion

The Personalization Layer emerged as the critical factor driving performance improvements. Its
impact manifests through the reduction of repetitive and irrelevant content from dialogue history, as well
as through targeted amplification of knowledge base documents that better align with user profiles and
query characteristics. An additional effect is achieved through flexible adjustment of the mixing
coefficient between history and knowledge components. This enables the construction of context that
maintains coherence and sufficiency without excessive expansion of the language model prompt. In
practice, this translates into more stable responses in extended dialogues within finance and technical
support scenarios, where errors stemming from irrelevant fragments are particularly detrimental.

6. Conclusions

The proposed ACMS framework delivers effective dialogue context management for RAG-based
personalized conversational Al systems. The synergistic integration of compression, adaptive windowing,
and personalization strategies resulted in a 14% gain in response relevance alongside a 22% reduction in
context volume. Experimental validation substantiated both the practical feasibility and scalability of the
approach.

Several directions warrant further investigation. First, developing automated mechanisms for
compression parameter tuning conditioned on dialogue characteristics and domain-specific requirements
would enhance system adaptability. Second, incorporating reinforcement learning algorithms for real-
time optimization based on implicit and explicit user feedback signals presents a promising research
avenue. Third, extending the framework to multimodal contexts — encompassing textual, visual, auditory,
and other data modalities — constitutes an important direction for broadening applicability to more
complex conversational scenarios.
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AJanTuBHE YNPAaBJiHHA KOHTEeKCTOM Y RAG-cucremax ais
nepcoHajizoBanux Al-acucrenris

AKTyaJIbHiCTh. PO3BUTOK CHCTEM IITYYHOTO IHTENCKTY Ha 0a3i Benukux MoBHUX Mojeneit (LLM) aktyamizye mpoGiemy
e(eKTHBHOTO YIPAaBIiHHI KOHTEKCTOM JiajJory, OCKUIBKM TpaJuLiiHI MeXaHi3MH 30epekeHHs iCTopii 4acTo MpU3BOAATH 110
MepeBaHTaAKEHHS] KOHTEKCTY Ta 3HIKEHHS SIKOCTI reHepaunii Binxnosinedd. L{s nmpobnema ocobiaMBO rocTpo CTOITh y CHCTEMax
Retrieval-Augmented Generation (RAG), me mam'sth Iiajgory HOEIHYETHCS 3 JHHAMIYHUM IMOIIYKOM 3OBHIIIHIX 3HAHb,
CTBOPIOIOYH TOJJATKOBE HABAHTa)KEHHS Ha 0OMeKeHe KOHTEKCTHE BIKHO MOJemi. [CHyroUl miIxou 10 yrpaBiiHHS KOHTEKCTOM
He 3a0e3MeuyIoTh aJaliTHBHOTO MeXaHi3My (OpMyBaHHS KOHTEKCTY IiaJioTy, KW BPaxOBY€ 1HIHMBITyanbHi XapaKTEPHUCTUKH
KOpHUCTyBaya Ta JoMeHHY crenndiky. Mera. Po3poOka Ta anmpoOamis Adaptive Context Management System (ACMS) mns
nepcoHanizoBanux RAG-acucTeHTIB, sSika MOeAHY€e KOB3HE BIKHO OCTaHHIX MOBIIOMIICHb, CTHCII PE3FOME TOBIOTPUBAIIOT icTOpii
Ta MEepPCOHANI30BaHMI MOIIYK 3HaHb i3 0a3u maHMX. MeToam mociaimkeHHs1. Po3po0ieHO MIKpOCepBiCHY apXiTeKTypy, IO
Brimouae Al Orchestrator mist koopanHanii RAG-npouecy, cepBic BeKTOpHOro nomyky Ha 6a3i PostgreSQL 3 po3mmpeHHsIM
pgvector Ta HeHTpanbHUi KoMrnoHeHT ACMS Ju1s ynpaBiiHHS KOHTEKCTOM. 3alpOIIOHOBAHHUHN MiJXi CHHTE3y€E TP CTpaTerii:
KOB3HE BiKHO Ju1s1 30epexeHHs ocTanHiX N noigomiens, LLM-kommpeciro ctapux ¢pparMeHTiB icTopii B TeMaTH4HI pe3lome Ta
MepCOHANI3AIfHNI Imap I 3BaKyBaHHS PEJICBaHTHOCTI HA OCHOBI BEKTOPHHX MNPOQiTiB KOpHCTyBadiB. DPopMyBaHHS
(hiHATPHOTO KOHTEKCTY 3[IHCHIOETBCS Yepe3 alaliTUBHE 3MIITyBaHHS iCTOPIi Aiajory Ta pejeBaHTHHX 3HaHb i3 0a3u MaHuX 3
ypaxyBaHHSIM iHAWBiAyalsHHX Mpo¢iniB kopucTyBadiB. Pe3yjabTaTn. ExciepuMeHTanbHe OIIHIOBAaHHA MPOJEMOHCTPYBAJIO
CYTT€BI IIepeBary aIalTHBHOI CHCTEMH ITOPiBHAHO 3 0a30BUM IiIX00M. Y MapHUX MOPIBHIHHAX aIalTHBHA CHCTEMa BUSBHIIACS
Kparo y 62% BunankiB (Answer Win-Rate = 0,62). KirtouoBum dakTopoM HokpaleHs CTaB IepcoHai3aliiHuii map, skuii
3MEHIIy€E ITOBTOPH Ta HELIJIOBHI BMICT 3 icTOpii xianory, 3abe3mnedye TapreToBaHe IMiJICHICHHS PENEeBAHTHUX JOKYMEHTIB i
JI03BOJISIE THYYKO PETyIIOBAaTH OalaHC MK iCTOpi€ro Ta 3HaHHAMH. BrucHOBKH. Po3pobieHa aganTuBHa CHCTEMa YIpaBIiHHS
KOHTEKCTOM 3abe3neuye eeKTHBHE yIpaBIiHHI KOHTeKCTOM Aianory B RAG-cucremax [uist epcoHanizoBaHux Al-acHCTEHTIB.
[HTerpamnis crpareriii KoMIpecii, aJaNTHBHOTO BiKHA Ta MEPCOHAITI3aIl] KOPUCTYyBaya 3a0e3Meuria i IBUIIEHHS PEIeBaHTHOCTI
BiamoBineil Ha 14% Ta onrtuMizamito o0csATy KOHTeKCTY Ha 22%. ExcrepuMeHTanbHa ampo0arist MiATBEpAMIa MPaKTUIHY
Peai30BHICTh 3aIPOIIOHOBAHOTO MIJXOAY B Pi3HHX MPEIMETHUX JTOMEHAX, a TAKOXX MacIITa0OBaHICTh CHCTEMH TPH poOOTi 3
BEJIMKUMH 00CATaMH iCTOPHYIHUX JaHUX.

Kniouosi crosa: Retrieval-Augmented Generation, seruxi mogni mooeni, adanmugne ynpagiinis KOHMeKCMoM, NepCoHANi3ayis
Kopucmysauda.
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