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Abstract

LLMs increasingly serve as the control unit of Al
agents. However, current systems struggle to sup-
port personalized interactions, as they lack effective
mechanisms to remember and reuse user-specific
information across sessions. To address this, our
research is centered around how memory augmen-
tation and agentic decision-making can enable per-
sonalization in long-term interactions with LLM-
based agents. As a first step, we proposed CAIM, a
memory framework inspired by cognitive Al prin-
ciples that aims to simulate human thought pro-
cesses to create more adaptable systems. Building
on this, we extended CAIM with an agentic work-
flow and user-specific memory modules to support
personalized behavior beyond static retrieval-based
approaches. We conducted a user study to evaluate
perceived personalization, comparing our memory-
based approach to a RAG baseline. Our ongoing re-
search focuses on how personalization can be mea-
sured without user studies, which are costly and
hard to scale. The long-term goal of our research
is to establish foundations for designing and evalu-
ating personalized LLM-based systems.

1 Introduction and Motivation

Advancements in LLMs are reshaping the interaction be-
tween humans and Al systems. Their capabilities make them
suitable as central control units for Al agents that can perceive
input, make decisions, and generate responses.

Despite their capabilities, current LLM-based systems re-
main limited in their ability to support personalized interac-
tions. In the context of these systems, personalization can be
defined as the ability of a system to adapt its behavior based
on an understanding of the user. To enable such abilities cur-
rent approaches show a growing trend towards developing
memory architectures, often building on retrieval-augmented
generation (RAG), to enable personalization beyond the lim-
itations of the context window. Despite these efforts, the
interaction with LLM-based systems often remains generic,
leading to user frustration, as the lack of personalized context
handling causes misunderstood queries or the generation of
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irrelevant responses due to incorrect memory usage or over-
personalization. Consequently, personalization has emerged
as a critical challenge in developing LLM-based systems.

Our research addresses this gap by exploring how memory
augmentation and agentic decision-making can enable per-
sonalized system behavior in long-term interactions. Our re-
search is guided by the following research questions:

RQ1: Which cognitive principles can guide memory
mechanisms in LLM-based systems to maintain and retrieve
user-specific information to support personalized behavior in
long-term interactions?

RQ2: How does the combination of agentic decision-
making and user-specific memory modules influence per-
ceived personalization in long-term interactions?

RQ3: What evaluation strategies can capture personaliza-
tion effects in long-term interactions with LLM-based agents
without relying on user studies?

Our work to date provides two key contributions:

C1: We introduce CAIM, a memory framework guided by
cognitive principles to support decision-driven control over
memory retrieval based on contextual cues.

C2: We define personalization in terms of three system
requirements and realize them through an agentic workflow,
user-specific memory modules, and dynamic user profiles,
which significantly improves perceived personalization.

2 Previous Contributions

Early approaches for LLM-based systems primarily rely on
RAG, such as MemoryBank [Zhong et al., 2024], and focus
on improving task efficiency and robustness. In contrast, our
research positions memory as a foundation for user-centered
systems, where stored information is selectively retrieved to
support personalized long-term interactions.

To address RQ1, we proposed CAIM [WesthauBer et al.,
2025b; WesthiuBer er al., 2026], a cognitive Al memory
framework that provides memory mechanisms to LLM-based
systems. CAIM is inspired by principles of cognitive Al,
which aims to simulate human thought processes to learn,
memorize, and respond to external changes to create more
adaptable Al systems. We utilized cognitive principles, such
as a central decision unit, various memory types, and a re-
trieval process, as functional abstractions to derive our sys-
tem architecture. CAIM is implemented through a multi-
agent architecture that separates memory storage, retrieval,
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Figure 1: Agentic workflow combined with memory modules

and decision processes. In contrast to early approaches which
rely on passive retrieval, CAIM treats memory as an interac-
tion resource that is selectively accessed based on user in-
tent, contextual relevance, and temporal cues. This shifts
memory usage from passive retrieval to decision-driven inter-
action support by providing relevant information when it is
needed. Furthermore, our empirical evaluation demonstrates
that CAIM improves retrieval accuracy by 7% and response
correctness by 10% compared to baselines. The results fur-
ther indicate that CAIM’s specialized LLM-based agents for
selective retrieval and information filtering notably contribute
to the overall system performance.

To address RQ2, we extended CAIM to support personal-
ization by combining an agentic workflow with user-specific
memory modules [WesthduBer et al., 2025al. However, en-
abling and evaluating personalization requires a clear under-
standing of the concept. While personalization has been stud-
ied in different domains, existing definitions focus on user
experience and behavioral outcomes, with less attention to
concrete system-level features.

To address this gap, we synthesized existing definitions to
connect conceptual perspectives with technical requirements
to enable personalization. Therefore, we defined personaliza-
tion as the system’s ability to adapt its behavior over time
based on an understanding of the current user context, while
maintaining consistency across sessions and generating tai-
lored responses that address user-specific goals. Based on our
definition we characterize three system requirements: adap-
tivity, consistency, and tailored responses. To realize these re-
quirements, we implemented an agentic workflow (Fig. 1) to
support adaptivity across sessions. Memory modules main-
tain consistency, including a short-term memory (STM) for
the immediate conversation flow, summaries of prior conver-
sations to provide topical continuity, and a long-term memory
(LTM) for retaining information beyond the context window
based on the concept proposed by A-Mem [Xu et al., 2025].
Dynamic user profiles represent a stable model of the user
and enable tailored responses.

Additionally, we conducted an exploratory user study com-
paring our agentic system with a RAG baseline over a three-
week interaction setting. Preliminary results show that users
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interacting with the agentic system perceived significantly
higher personalization, particularly in terms of contextual
continuity and user-specific adaptation.

3 Directions for Future Work

Our future work focuses on extending our empirical under-
standing of perceived personalization and developing auto-
mated evaluation methods to support faster and reproducible
assessment of personalization in long-term interactions.

First, to further investigate RQ2, we plan to conduct a lon-
gitudinal user study that builds upon the findings from our
exploratory study to investigate how personalization evolves
during repeated interactions. This study aims to provide a
clearer understanding into how users experience personaliza-
tion and how agentic systems can support human-centered re-
lationships through memory-driven behavior.

Second, to address RQ3, our ongoing research explores
evaluation strategies for personalization that do not rely on
user studies. Although user studies are essential for un-
derstanding perceived personalization, they are costly, time-
intensive, and challenging to scale. Therefore, we investi-
gate whether personalization can be evaluated using quantita-
tive metrics. A primary research direction is to determine
whether LLM-based evaluators can assess personalization-
related properties in a reproducible and scalable manner.
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