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Abstract

To provide long-term personalized assistance to users, Al agents
must have effective long-term memory (LTM). However, there is
little understanding of users’ perceptions, practices, and challenges
with LTM in agents. We interviewed 21 users of agents such as
ChatGPT and Claude to understand people’s everyday experiences
with agent LTM. Our findings shed light on the flow of memory in
agents as a three-stage process consisting of (1) information intake,
(2) storage and management, and (3) retrieval and interpretation.
Users’ perceptions of agent LTM are mainly influenced by Stage 3,
and thus users’ interactions with agent LTM are mainly attempts
at influencing and understanding how the agent retrieves and in-
terprets information from memory. Therefore, we recommend that
technological approaches to user interaction with agent LTM focus
at least as much on memory retrieval and interpretation as they do
on memory intake, storage, and management.
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1 Introduction

People are increasingly interacting with Al agents (e.g., ChatGPT)
over long periods of time (e.g., [1, 2, 4-6, 8-18, 20-22]). Such agents
can provide always-available personalized and contextualized assis-
tance to users. However, in order to achieve this, the user and the
agent can benefit from achieving co-understanding of each other,
and this relies on the user having proper understanding and influ-
ence of the agent’s long-term memory (LTM). While memory in
agents has been extensively covered by prior research (e.g., [7, 23]),
there is a lack of understanding of users’ perceptions, practices, and
challenges with agent LTM. Understanding these could help design-
ers build agent LTM mechanisms that involve users and consider
their mental models (in line with [19]).

2 Method

We conducted semi-structured one-on-one interviews on Zoom
with 21 participants (each identified as P#’) who use personalized
Al tools with LTM on a regular basis. The goal was to better under-
standing users’ expectations of Al systems’ LTM mechanisms and
their practices of managing these systems’ memories over longer
periods of time. Each interview lasted between 30 and 90 minutes
(50-60 minutes on average), and each participant was reimbursed
with $20 CAD. Participants were recruited through social media
advertisements, email recruiting, postings in university and aca-
demic Slack channels, and snowball sampling. The interviews were
recorded and transcribed, and we conducted thematic analysis of
the data using an inductive coding approach [3].

3 Findings
Our findings shed light on the flow of memory in agents as a three-
stage process, as illustrated in Figure 1. Users’ perceptions of agent
LTM are mainly influenced by Stage 3, and thus users’ interactions
with LTM are primarily attempts at influencing or understanding
how the agent retrieves and interprets information from LTM.
Users’ Perceptions. Users’ perceptions of how the agent operates
in Stage 2 (storage and management) are mostly clear—participants
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Figure 1: The process of memory flow for an agent with LTM. (1) Discrete data (e.g., messages) come in as input from the
user (‘Intake’). (2) Some of this discrete data is stored into the agent’s LTM (‘Storage and Management’). (3) In the future, this
information is retrieved from LTM and interpreted by the agent in a new context (‘Retrieval and Interpretation’).

tended to assume that the agent is either storing all or no informa-
tion. Tools like ChatGPT save users’ chat histories to their accounts,
and these are accessible to the user to view or even for continuing
previous old chats if desired. This gives some users (e.g., P14) the
impression that the system is storing all information that comes in.
Users’ perceptions of what the agent does in Stage 3 (retrieval
and interpretation), however, are less clear. When the agent fails
to provide full transparency on how it is retrieving, interpreting,
and using information from LTM, users tend to develop their own
assumptions about how the agent is doing this. For example, most
participants (P1-P6, P8, P13, P15-P20) assumed that if the interface
provided the ability to create multiple chat threads (as ChatGPT
does), then the agent was able to retrieve memories from within
the current chat better than information across chat threads.
Users’ Practices of Memory Management. Participants ex-
pressed taking a variety of approaches to managing agent LTM.
For instance, several participants (P1-P6, P13, P15-P18, P20, P21)
shared that they manage conversations about different topics or
tasks into different chat sessions, so that the agent would have
easier access to memories that are relevant to each specific task.
Some participants (P1, P2, P4, P6, P15, P16) expressed that they
would copy and paste instructions or relevant context information
from previous chat sessions into new chat sessions whenever they
thought this was necessary, in order to selectively preserve some of
the agent’s desired behaviours or memories from previous sessions
inside the new session. Others (P8, P9, P14, P19) described using a
single chat session for everything, to “preserve [the] continuity” (P8,
P9) of the conversation or because the user thought that it would
be beneficial for the agent to have access to all of its past memories
no matter the topic (P14, P19)—for example, to “see the relationship”
(P19) between multiple topics discussed with the agent.
Participants also used other techniques to manage agent LTM,
including: deleting or revising previous chat messages (P18); using
‘temporary chats’ to prevent information from being saved (P4,
P18); repeating or emphasizing certain information or instructions
in order to get the agent to remember these better (P4-P6, P9, P12,
P14, P19); and asking the agent to summarize what it knows, in case
the user is unsure (P16-P18). However, while on the surface level
these actions affect the storage and management of LTM (Stage 2),
participants expressed that they take these approaches with the

goal of influencing when and how the agent retrieves memories
and how it interprets them (Stage 3). For instance, most participants
expressed that they try to abstract the agent’s access to information
in its LTM based on the current context of the conversation, such as
the current task, project, or domain (e.g., by separating memories
related to writing from those related to health advice).

Users’ Challenges and Unsatisfied Needs. Our participants’
practices with memory management reflect their desires for agency
over how and when the agent retrieves and interprets past memo-
ries in the present moment, and to have greater knowledge of what
prior memories the agent is recalling and how it is using those
memories in the moment. However, despite users’ practices, many
participants still faced challenges and expressed needs that were
unsatisfied by current systems.

For example, agents sometimes misinterpret the intent of infor-
mation in memory. P17 described an instance when she was asking
ChatGPT to refine a recipe, and asked it to “make sure the salt is
balanced.” ChatGPT interpreted this as a longer-term preference
for all recipes moving forward, rather than just a preference for
that particular recipe. P18 expressed that she has had to abandon
and delete chat threads because the agent started to misinterpret
old prompts, and she had the perception that its behaviours were
becoming too restricted over time. In other instances, the agent
expresses that it remembers certain information but it does not
interpret or use that information to the user’s desire. For example,
P17 used ChatGPT for coding assistance, and she told ChatGPT
that she is using Unity version 6, which the agent then expressed
that it would remember moving forward. However, it still kept
giving the user guidance that was relevant to previous versions of
Unity, reflecting that the agent did not know when that piece of
knowledge was useful in the current context.

4 Conclusion

Our findings reveal that users’ perceptions of agent LTM are mainly
influenced by agents’ behaviours, which are affected by how agents
retrieve and interpret (Figure 1, Stage 3) information from LTM.
Thus, users’ practices with managing and exploring LTM are mainly
an attempt to influence and understand how the agent retrieves
and interprets information from LTM.
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Our insights are based on users’ recollections from their everyday
usage of agents. However, more insights can be gained by develop-
ing, exploring, and comparing approaches to user interaction with
LTM, and therefore we recommend this as future work.
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