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Abstract
AI memory is becoming central to AI systems that aim to support
personal and professional work. Yet, designing interfaces for AI
memory is not well understood. How should we design for user
interaction with AI memories—for instance, what kinds of opera-
tions might users want to perform on memory, either now or in
the future? We survey the design of tools and interfaces around “AI
memory” to chart a design space of common design patterns, ar-
chitectures, and operations, and identify dominant metaphors and
gaps in the space. Then, we apply generative metaphorical design
to expand the design space for AI memory, exploring less-dominant
metaphors of software version control, Zettelkasten, requirements,
personal diaries, community archives, cultural probes, and science
fiction. Our work offers rich opportunities for gaps and emergent
needs that future interfaces for AI memory might address.

CCS Concepts
• Computing methodologies → Intelligent agents; • Human-
centered computing→ Natural language interfaces; HCI theory,
concepts and models; Collaborative interaction.
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1 Introduction
Agentic AI systems, characterized by a large language model cou-
pled with the ability to call programmatic functions (“tools”), in-
creasingly have “memory” components. However, the consistency
of “AI memory,” both in its implementation and its linguistic defini-
tion, are in flux. “AI memory” is now used to refer to everything
from in-context storage of past interactions, to pre-written user
directives injected into system prompts, to databases of user prefer-
ences [75], toMarkdown files stored on the file-system that an agent

This work is licensed under a Creative Commons Attribution 4.0 International License.
DIS ’26, Singapore, Singapore
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2563-0/26/06
https://doi.org/10.1145/3800645.3812979

can retrieve, read, and modify [4]. Across these varied implemen-
tations, memory serves common purposes—chiefly to remember
intent, preferences, and details of past interactions, whether with
the user, or of agents themselves.

Alongside this influx of attention to memory, primarily from
industry, there has been little attention paid to the corresponding
interface design decisions around AI memory. AI memory is not
merely a technical problem but an affordance for user control, trans-
parency, and explainability over agent decision-making. Different
choices of technical architectures for memory present different af-
fordances and constraints for designing interfaces for users to read
and modify that memory—for instance, storing memories by fine-
tuning the model makes later inspection near-impossible, whereas
storing memories as a flat list of preferences is more auditable by
users, but may lead to performance drops as details are lost. Accord-
ingly, AI memory design necessarily involves a rich design space
of architectural, operational, and interaction design choices, all of
which can affect one another.

From a human-AI interaction standpoint, however, we still lack
a systematic account of these design choices. While the functional
and technical aspects of AI memory have been studied [49, 93], an
interaction-oriented breakdown of the design of memory remains
comparatively underexplored. What design space exists across
memory architectures, operations, and interaction mechanisms,
and where do current AI memory systems fall short of what future
interactive AI memory could provide? What are the downstream
implications of memory structure, including how structural and
operational constraints shape later decisions and affect interaction
quality, agent capability, and temporal or computational costs?

To address these questions, we conducted a review of current AI
memory tools and interfaces to arrive at a design space [14, 54] for
AI memory, including how AI’s memory is represented and struc-
tured, how these choices on AI memory design shape interaction,
and what trade-offs they introduce. Using this design space as an
analytic lens, we then show how existing systems instantiate these
design choices, identify dominant patterns and metaphors, and dis-
cuss gaps that remain. Finally, we draw on generative metaphorical
design [50, 74] to propose new, lesser-used metaphors for AI mem-
ory to spark ideas for addressing these gaps, and discuss how such
metaphors could inform future AI memory systems.

2 Background
Here we provide a brief introduction to the history of AI memory,
an overview of the current space of AI memory, and conceptual
frameworks from communication theory that are increasingly em-
ployed to describe the problem of human-AI grounding [75, 83].
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2.1 A brief history of AI “memory”
What “memory” means in AI systems and agent design has shifted
over time. In early NLP, a model’s “memory” was mostly under-
stood as internal recurrent state or weight-encoded representations
(e.g. LSTM [37])—that is, something closer to the term implicit
memory [49, 72] in its current meaning, rather than a separate
memory architecture. Later, with higher-capability LLMs such as
GPT-4 [1] and techniques such as Chain-of-Thought (CoT) [87], re-
trieval augmented generation (RAG) [48], and tool-use frameworks
like CoALA [79], alongside concepts like the context window, sys-
tem prompts, and prompt engineering [12, 17, 33, 63], “memory”
expanded to include explicit, external data storage and a clearer dis-
tinction between implicit and explicit, yet these “memories” were
often spoken of as run-time auxiliary inputs rather than as the
agent’s enduring memory (e.g., injecting a list of user preferences
as the “memory” to a system prompt, upon every call). More re-
cently, LLM-based coding agents [5, 25, 31, 32, 61], enabled by
larger context windows and stronger reasoning models (e.g., GPT-
5 [62], Claude Sonnet/Opus 4.5 [6, 7], and Gemini 2.5 Pro [29]),
increasingly control how external memory is written, updated, and
reorganized, shifting memory management from human curation
to agent-driven workspace maintenance, with users primarily su-
pervising [67]. However, how to build long-term external memory
at roughly human (or superhuman) levels remains relatively under-
explored [49].

Meanwhile, there have also been attempts to systematically sur-
vey the technical components of AI agent memory in the emerging
landscape. CoALA [79] draws on cognitive science and symbolic
AI to describe modular memory components for language agents,
classifying memory into short-term versus long-term and further
dividing long-term memory into procedural [22, 34], semantic [13],
and episodic [80] types. Liu et al. [49] systematically analyze AI
agents by decomposing their memory-related components andmap-
ping them to human cognitive and perceptual functions. Zhang et
al. [93] survey memory mechanisms in LLM-based agents, covering
both the structural design of memory modules and their evaluation.
Rolls [69] compares and reviews the human brain and generative
artificial intelligence from a neuroscience perspective, highlighting
differences in the structure and operations of their respective mem-
ory systems. While these works clarify how AI memory systems
are designed at an architectural level, AI memory from an inter-
action and design perspective—such as how architectural choices
systematically shape an interactive system’s affordances and thus
the overall interaction patterns users encounter, and what sets of
architectural and operational design choices are required to enable
intended user interactions and meet desired design goals—remains
comparatively less studied, if at all remarked upon.

2.2 Interfaces for AI memory in HCI
Several HCI studies offer useful inspiration for designing the inter-
action and operations of AI memory interfaces. Memolet [91] reifies
“memories” from prior conversations into reusable objects, and lets
users explicitly specify and manipulate a memory space where both
the user and the agent can work with shared, groundable memory
units. Memory Sandbox [38] visualizes an agent’s conversational

memories as data objects, so users can treat “what the agent re-
members now and how it sees things” as a shared context they
can adjust. Semantic Commit [83] supports updating a natural-
language specification of user intent in long-running projects by
helping detect and resolve non-local impacts and semantic conflicts,
enabling users and agents to jointly track intent changes and man-
age a shared information space. Recently, Knoll frames memories as
knowledge bases that are transferrable across agents [94], similar
to Anthropic’s later plug-n-play notion of “Skills” [4].

Even though HCI work on human–AI collaboration does not
explicitly frame its contribution as “AI memory,” many such sys-
tems also grapple with related interaction challenges. Systems like
CollaborativeGym [76] explore how to visualize and manage an in-
formation space that humans and agents can jointly ground in, and
how, within that space, a user and an agent might jointly navigate,
connect ideas, and iteratively build a shared body of knowledge.
GhostWriter [90] likewise externalizes style and context as editable
documents that users can inspect and iteratively refine, helping
ground generated text in user-provided context and better align it
with the user’s voice over time. Sensemaking tools such as Sense-
cape [78], systems designed to support human memory such as
Graphologue [39], and writing assistants such as TaleBrush [19]
can all serve as relevant reference points for designing AI memory
systems’ interfaces and supported operations.

2.3 Conceptual Perspectives on
Communication, Context, and Memory

In addition to mapping the design space of memory systems, re-
searchers draw on perspectives from communication that can help
in building interactive agent memory systems. Vaithilingam et
al. [82] envision how a future AI game-design assistant might col-
laborate in design work and gradually build dynamic ground with
a user over time, while Ma et al. [53] propose a Human-AI delibera-
tion approach, derived from deliberation theory, in which humans
and AI elicit each other’s opinions through ongoing discussion and
continually update decisions toward agreement.

Recent work in human-AI communication [11, 75, 82, 83] has
applied the framing of “common ground” and “grounding” from
Clark & Brennan [20, 21] towards the creation of agent systems
that maintain analogous common ground between humans and
AI. Common ground refers to the mutual understanding (intents,
context, details) accumulated over time between communicating
parties, such as when working together on a project [20]. Similar
to a human actor, an AI agent must infer the user’s intent and its
context solely from the user’s expression, and then make decisions
and act accordingly; if the agent infers this incorrectly, it will fail to
carry out what the user expects in the appropriate context. There-
fore, it is important during interaction to verify that the agent’s
interpretation is aligned with the user’s intent and context, and to
adjust it when necessary. Moreover, to avoid the repeated cost of
grounding, maintaining common ground formed across multiple
sessions in a persistent and coherently connected form requires
recording relevant knowledge in an additional memory store and
continuously updating it, which is important from the perspec-
tive of long-term interaction. This knowledge store, like human
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grounding, must remain consistent and aligned to the other parties’
current understandings.

Over long-horizon interaction, such iterative cycles can help the
agent sustain a more stable context, enabling the agent to “learn”
about the world through interaction with it. However, this process
cannot operate reliably without an appropriately designed agent
memory system. It may fail, for example, when the design cannot
support the required level of relational network structure, or when
it lacks the manipulable operations needed to sustain the feedback
loops that arise in interaction. Therefore, designing interactive AI
memory systems requires considering the structural aspects of
memory, the operations it affords, and how these will be used in
interaction, so that memories can be recorded, revised, connected,
and validated during interaction.

Building on these concepts, industrial products and academic
systems increasingly aim to support agent’s building an understand-
ing of user intent over time. Chat-based agents like ChatGPT [60]
support custom memory that allows users, or the agent itself au-
tonomously, to add context and persist information across sessions.
Code agents like Claude Code [5] similarly support persistent in-
structions via CLAUDE.md and allow users to extend behavior
through Agent Skills [4] and subagents, which can be invoked in
their own scoped memory context. On the research side, PAIL [92]
explicitly surfaces users’ requirements in software development and
support the process of refining and updating them over time, while
Semantic Commit [83] shows how users and agents can collabo-
ratively address emerging conflicts around user intent and revise
their grounding as those intents are established and updated. Fi-
nally, GUM [75] envisions that an AI agent, watching the user as
they work, will accumulate knowledge about the user over time
that systems can use to ground and tailor later AI outputs. In what
follows, we will outline this landscape more comprehensively.

3 Mapping the Current Design Space of AI
memory

Here we examine the design space of AI memory—how different
AI memory systems, shaped by their goals, intended interaction
patterns, and practical constraints (e.g., LLM capability and cost, la-
tency, and deployment setting), make structural choices and thereby
afford specific operations to both agents and users. Under recur-
ring combinations of goals and technical constraints, systems often
converge on dominant patterns and the trade-offs they implicitly
accept, alongside atypical but meaningful exceptions. Our goal is
to help designers of interactive AI agent systems make purpose-fit
choices under their goals and constraints, and to help researchers
identify gaps that motivate new interaction designs.

We conducted two surveys onAImemory systems’ design choices,
one focused on architectural design choices (Section 3.1; Table 1)
and the other on operational design choices (Section 3.2; Table 2),
and then derived the design space from these results (Figure 1).

To establish the axes of the design space and the options within
each axis, we began with a set of seed axes, derived from a provi-
sional framing of architectural choices, interaction patterns, and
provided operations, and refined them during coding as needed.
In the architectural survey, coding was conducted at the level of
the memory system as a whole, whereas in the operational survey,

distinct subsystems were sometimes treated separately when they
exposed different memory roles, interfaces, or affordances. The first
author led the coding process, while the coauthors reviewed emerg-
ing categories, discussed ambiguous cases, and provided feedback
on changes to the scheme. Categories changed whenever recur-
ring cases no longer fit the existing scheme cleanly or became too
internally complex to be adequately described as a single option.
Whenever an axis or its options changed, we revisited and updated
the affected codes to keep the corpus consistent. We iterated this
process until the axes and option sets stabilized, that is, until ad-
ditional cases could be placed within the existing axes and option
sets without requiring further changes to them.

Our corpus was assembled through snowballing from a small
set of seed systems, well-known in the space (e.g., LangGraph [44],
Claude Code [5], Mem0 [18]), rather than defined as an exhaustive
survey. We intentionally focused on tools and APIs, rather than
academic texts, which often lag behind industry and, in HCI, do
not correspond to widely-used systems; among HCI systems, we
preferred those whose designs are sufficiently well-documented,
for example publications that describe the underlying structure in
detail or accessible code-bases. For each case, we relied primarily on
papers, documentation, and publicly accessible repositories, gener-
ally prioritizing directly inspectable implementations or APIs when
available. When later product evolution had introduced features
not present at the time of publication, however, we prioritized the
paper’s description and the implementation state corresponding to
that publication period.

In the architectural survey, we included systems in which mem-
ory was a substantive design target and excluded cases whose
architectures were not publicly available enough to analyze reli-
ably, such as ChatGPT [60]. In the operational survey, we included
additional cases beyond those in the architectural analysis whose
operation affordances are observable through explicit specifications
or publicly accessible platforms. For systems that combine multiple
layers yet assign them clearly distinct roles and layer-specific inter-
actions (e.g., LangGraph [44]/LangMem [45], or Claude Code [5]’s
workspace, agent.md, and chat-memory layers), we analyzed the
operations of each layer separately.1 In our operation analysis, we
excluded cases that do not have independent operations of their
own, such as Claude’s Agent Skills [4] and subagents [8].

In total, we conducted an architectural analysis of 14 distinct
systems and an operational analysis of 15 distinct systems (22 sub-
systems in total). Based on these results, we constructed the design-
space figure (Figure 1) and the corresponding tables that summarize
each system’s observed architectural (Table 1) and operational (Ta-
ble 2) design choices.

1In contrast, we did not separate Mem0 and Mem0g [18] because, in the current
implementation, Mem0g’s functionality is not exposed via independent endpoints but
is toggled within Mem0’s existing API surface.
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Design space of�
AI memory systems and interfaces

Knowledge Base 
personal/group notes and memos, 
docs/wiki/policies, 
logs and traces, 
observability data, 
domain/world knowledge

Self-model 
Instruction/role specification, 
Policy/constraints, 
Agent state, 
Tools/skills

User model  
user profile/preferences, 
propositions from history, 
population/audience priors

Shared mental model 
shared goals/plans, 
common grounds, 
intent specification, 
shared domain/world knowledge

Workspace 
Workspace state/progress log, 
artifacts/outputs, 
project instruction/directive, 
project requirements/rationale, 
temporary notes/artifacts

Knowledge Base Agent memory Workspace

Purpose of Memory systems

Architectural Design Space (Structural)

Context 
window

System 
prompt

Workspace 
(working 
repository)

External 
memory

You are a helpful… 
# Instructions 
* Only output… 
* Your response… 
## Examples

console.log(

"Hello, 

World!");

Lorem ipsum 
dolor sit amet, 
consectetur 
adipiscing elit, 
sed do eiusmod 
tempor incididunt 
ut labore

1, 2, 3, 4, 5, 6, 7, 8, 9,10

0.123, 0.333, 0.557, 0.053

[1], [3]. [6]. [2,1], [8,7], [4,5,6]

2024-08-03 00:00 UTC+9

Semantic / Episodic / Procedural

memory, human-AI interaction, 
language model, design space, 
AI agents

This paper surveys the design of 
tools and interfaces around AI 
memory to chart a design..

93a72469 refine wording and 

refresh rendering

we design for 
user with AI 
memories—for 
instance, w

BM25 

tf-idf

Implicit 
 / parametric 
 memory

(a) memory substrate (b) Memory relations / structure

(c) Structuredness of each memory entry

List 
 / timeline

Multiple 
lists 
 / timelines

Set Tree Graph Vector 
space

File

(d) Basic memory unit scale

(e) Node and edge payload

You are a 
helpful… 
# Instructions 
* Only output… 
* Your 
response… 
## Examples

Unstructured Semi-structured 
(Markdown/YAML 
format, etc.)

Structured
- Lorem ipsum dolor sit amet.

- Consectetur adipiscing elit.

- Sed do eiusmod tempor 

incididunt ut labore et dolore 

magna aliqua.

- Ut enim ad minim veniam.

- Quis nostrud exercitation 

ullamco laboris nisi ut aliquip 

ex ea commodo consequat.

Not fixed

Sentence 
 / list entry 
 / idea unit

“embedding”: 
[0.0124, 
-0.0048, 
0.0001, 
-0.0180]

Lorem ipsum dolor sit 

amet, consectetur 

adipiscing elit, sed do 

eiusmod tempor 

incididunt ut labore et 

dolore magna aliqua. Ut 

enim ad minim veniam, 

quis nostrud exercitation 

ullamco laboris nisi ut 

aliquip ex ea commodo 

consequat.

Parameter 
(in-weights)

Passage 
 / paragraph

Q: How many cups of 
coffee did you drink 
today? 
A: Five. 

Q: How many hours did 
you sleep yesterday? 
A: [Conversation ends.]

The Quick Brown 
Fox Jumps Over 
The Lazy Dog

Token 
 / morpheme

Episode — Q&A pair, 
query-response pair, 
event cycle, 
conversation cycle, 
etc.

fox, brown, quick, 

jump over, dog, 

lazy

Word 
 / phrase

THESIS

Document

Text

Log / diff / history

Number

Description / rationale

Category

Keyword / tag

Timestamp

Order 
 / position index

Score / weight

Count

(f) Retrieval mechanisms

(g) Retrieval justification method

Graph-based 
traversal 
ranking (e.g., 
DFS/BFS, 
PageRank)

Filter (e.g.,  
by timeframe, 
by score)

Lexical 
(string-based) 
search

Sparse 
retrieval 
ranking (e.g., 
BM25, tf-idf)

Vector 
embedding-
based search

LLM-based    
 retrieval 
 / selection 
 / reranking

Importance: 
 1 | 2 | 3 | 4 | 5

Filter

ScoreTop-K

LLM judgement
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Figure 1: Design space of AI memory systems and interfaces
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Architectural Design Space (Interface and Interaction)

Operational Design Space

(h) Main interaction pattern (i) User interface

User inputs, 
system uses

User requests, 
system acts

System acts, 
system observes user

User acts, 
system supports

Agent acts, 
user observes

Agents interact, 
user observes

API / library CLI Text editor / IDE Chat

List / table UI Search 
 / inspect panels

Canvas / graph 
 / spatial UI

Simulation 
/ game-like 
  interface

21-23. History / version control18-20. Higher transformation
16-17. Memory generation 
from observation

Permission Controls (generalized from 1. Edit authority)15. Visibility 
& isolation controls

13-14. (System) Interaction / provenance10-12. (System) Detection

9. Query / Retrieval7-8. Relations between memories1-6. Memory item operation

1. Edit authority 
(a) User edit memory directly 
(b) System edit with approval 
(c) System edit without approval

2-5. Item actions 
2. Add item 
3. Edit item 
4. Hide / soft-delete item 
5. Hard-delete item.

6. Export/
share memory 
(partial/full).

12. Semantic conflict / 
contradiction detection

8. Construct and 
maintain a network 
of relations over 
time

9. Query / Retrieve 
from the memory store

7. Edit relations 
Add relation 
Edit relation 
Hide / soft-delete relations 
Hard-delete relations.

16. Observation 
and generation 
from user

Permission 
configurability 
Fixed 
Changeable

System access/edit 
scope 
Selected item(s) 
Current workspace 
Selected locations 
Entire file system

(system) import/
export permission 
No import or export,  
Import but no export 
Export but no import 
Both import and export

Approval mode 
(system) Needs user approval 
(system) No need for user approval 
(system) Needs other system approval 
(system) No need for other system approval 
(user) Needs system approval 
(user) No need for system approval

15. Visibility & isolation 
controls 
(a) User owns -> system 
can/can't view 
(b) System owns -> user 
can/can't view 
(c) System owns -> other 
systems can/can't view

14. Show provenance / 
evidence of used memory

13. Use memory in interaction11. Temporal conflict / 
contradiction detection

10. Duplicate detection

17. Observation 
and generation 
from environment

18. Consolidate / 
summarize 
memory

19. Sensitive-
info audit 
(suggest and 
apply)

20. Infer higher-
level knowledge 
(more than 
summary) from 
existing memory 
and add it

21. Track memory 
history / diff

22. Revert to a 
specific version

23. Merge/split/
branch memory

Figure 1: Design space of AI memory systems and interfaces (continued)
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Figure 1 provides an overview of the resulting AI memory design
space by synthesizing the dimensions identified in our architectural
(Table 1) and operational (Table 2) surveys. The figure is organized
into three parts: Purpose of Memory Systems, Architectural Design
Space, and Operational Design Space. We present it upfront as an
index and map to the dimensions that are later unpacked in Sec-
tion 3.1 and Section 3.2. In the architectural part, the labels (a)–(i)
correspond to the dimensions later instantiated in Table 1. In the
operational part, the numbers and number ranges correspond to the
operational rows and grouped ranges in Table 2. We place Purpose
of Memory Systems first because it is important for understanding
the overall AI memory design space, but do not present it as a
separate system-level survey because these purposes did not form
clear system-level distinctions and were typically pursued simulta-
neously within the same systems. Gray cells indicate theoretically
relevant options that were retained in the design space even when
they were not directly instantiated in the surveyed corpus.

3.1 Architecture
Table 1 summarizes the architectural design choices of the memory
systems in our corpus. Rows correspond to systems, and columns
correspond to key design dimensions. Each cell lists the option(s)
adopted by a system; multiple items within a cell are separated
by line breaks. When multiple items are listed, all of them are
present in the system (often serving different roles or appearing
in different parts of the system); however, earlier items typically
reflect the system’s most central or emphasized design choices,
while later items tend to play supporting roles. For example, in
HippoRAG [40]’s “Basic memory unit scale,” we list the retrieval-
level unit (word) before the storage-level unit (document), since the
system’s central design emphasis lies in the retrieval layer. A dash
(–) indicates that the system does not include any corresponding
structure or mechanism for that dimension.

3.1.1 Memory substrate (Table 1, column (a)). All of the analyzed
systems include external memory as a main memory substrate.
In addition, systems may provide a workspace, context window,
and/or a system prompt, depending on what the system aims to
demonstrate. However, even external-memory-only systems often
propose end-to-end workflows that help users fully leverage the
memory substrate design space with other systems.

3.1.2 Memory relations / structure (Table 1, column (b)). Systems
whose core contributions are in memory structure generally adopt
graph-based structures [18, 40, 66, 88]. In contrast, systems whose
core contributions are not in structure but in interaction typically
adopt simpler forms, such as a temporal list [38, 64, 65, 75] or
embedding-vector-based grouping [91]. Semantic Commit [83] is
an exceptional case, although its main contribution is in interaction,
it identifies the limitations of list- or embedding-based approaches
as a problem and introduces an additional graph structure.

3.1.3 Structuredness of each memory entry (Table 1, column (c)).
While early systems (e.g. MemGPT [64], Memory Sandbox [38])
stored memories as unstructured strings, most systems adopted
schema-based entries (e.g., JSON) to attachmetadata. Claude’s agent
skills [4] and subagents [8], meanwhile, use Markdown with a
YAML front matter header, reflecting an assumption that memory

operations are mostly mediated by the LLM and thus prioritizing
malleability over strict schema enforcement.

3.1.4 Basic memory unit scale (if (semi-)structured) (Table 1, column
(d)). The scale of the memory unit varies by purpose. For storing
full logs, most systems kept each memory item as a whole (at the
document level). For interaction or editing, they tended to use
smaller granularities (e.g. passages, episodes, or ideas) sometimes
combining multiple units. Most additional retrieval layers operate
at the word level.

3.1.5 Node and edge payload (Table 1, column (e)). Node and edge
payload depend heavily on the memory structure a system chooses.
Compared to graph-based systems, list-based and hierarchy-based
systems have limited relational structure, which constrains pay-
loads to minimal signals such as scores or timestamps. However, in
our analysis, graphs in those graph-based systems largely took the
form of triple-based knowledge graphs, so edge payloads were lim-
ited to keywords. In vector-embedding stores (e.g., Memolet [91]),
the embedding space itself functions as the predetermined relational
structure. Therefore, there are constraints on arbitrarily adding addi-
tional edge payloads, making this design option limited in practice.

3.1.6 Retrieval mechanisms (Table 1, column (f)). Retrieval mecha-
nisms also depend heavily on the preceding design choices. Systems
that include keywords, timeframes, or scores often provide filtering
or search functions based on those fields. Graph-based systems sim-
ilarly tend to support graph traversal (e.g., DFS/BFS). A notable case
is HippoRAG [40], which performs Personalized PageRank [36] over
a knowledge graph for retrieval. Most tools also adopt content-level
retrieval over each memory unit, including lexical search, vector
embedding search, BM25 [68], and/or LLM query-based retrieval.

3.1.7 Retrieval justification method (Table 1, column (g)). While
retrieval mechanisms and retrieval justification methods are not
strictly paired, they tended to co-vary in our corpus. Systems using
deterministic retrieval usually also relied on deterministic justifica-
tion criteria, such as filters, scores, and top-k cutoffs [2, 18, 40, 44,
64, 66, 88, 91]. By contrast, systems that involved LLMs in retrieval
typically used LLM judgment as an additional basis for justifica-
tion, for example by assigning importance scores [65], reranking
retrieved candidates [75], or applying a final filtering step after an
initial deterministic retrieval [83].

3.1.8 Main interaction pattern (Table 1, column (h)). Dominant
interaction patterns fell into four types: (1) users request actions
and the system performs memory operations [18, 40, 66, 88]; (2)
users act and the system supports memory work [38, 83, 91]; (3)
agents autonomously observe and interact with the environment
while accumulating memory, and users mostly observe [2, 65];
or (4) users input memory into the store for agents’ later use [4,
8, 44]. A distinctive case is the General User Model [75], where
memory operations are driven primarily through observing the
user and the user is positioned as the observed subject rather than
the observer of an acting agent, unlike the other systems where
memory operations are typically initiated by users through some
instruction, data, or initial environmental conditions and users are
more often positioned to observe and evaluate the agent.
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3.1.9 User interface (Table 1, column (i)). The interface was most
often provided in API and library. When GUIs were provided, mem-
ories were typically displayed as sequential (table) lists or chat logs,
often with extra panels (e.g., inspector panel). Two distinctive cases
are Memolet [91]’s 2D card-grid canvas and Generative Agent’s
simulation-game-like UI.2

3.2 Operations
Table 2 enumerates the memory operations supported by each
system. The columns list the memory systems, grouped by layer,
while the rows list operations together with the actor responsible
for each operation. Each cell is coded as Yes (Ë) when the system
provides the capability and No ( - ) otherwise. For edge cases, we
use a circle (◦) when the operation is not supported as a specified
feature but can still be achieved indirectly (e.g., via LLM calls or
workaround workflows), and we use a triangle (△) to mark partially
supported cases where the operation is implied by the system’s
definition or data model but is incomplete in practice (e.g., General
UserModel [75] is append-onlywith timestamps, somemory entries
themselves form a rudimentary history, but it would be a stretch to
say it supports “history tracking” as an explicit operation).

3.2.1 Item Operation (Table 2, rows 1-6). Memory-manipulation
authority tended to follow the dominant interaction pattern of the
system. User-led systems gave users more control over memory
operations while agent authority was often more limited. Agent-led
systems tended to have reversed pattern. User-approved edits were
rare. When agents could edit memory autonomously, edits usually
occurred without user consent. Soft delete/hide was absent in most
systems except Memolet [91] and Memory Sandbox [38]. Beyond
ChatGPT [60]’s chat sharing, we did not observe any in-system
export/sharing features for memory. In most cases, users had to
download memories or implement sharing themselves. We found
no systems that allow agents to autonomously export or share
memory.

3.2.2 Relations between Memories (Table 2, rows 7-8). Where ex-
plicit relationships and edges do exist, systems often allowed some
relationship editing; however, in most cases this meant either users
manually editing edges one by one or agents automatically updating
edges during their update process. We did not observe any systems
that support user-approved relationship edits. Meanwhile, it was
notable that most graph-based memory systems aim to construct
and maintain a network of relations over time.

3.2.3 Query and Retrieval (Table 2, row 9). Most systems provided
query authority to both users and agents. Even when query func-
tionality was absent for the user and/or the agent, in most cases it
was because queries were not necessary under the system require-
ments rather than due to structural limitations.

3.2.4 Detection (Table 2, rows 10-12). Some systems provided ad-
ditional detection operations beyond basic querying. Zep [66],
Mem0 [18], Arigraph [2], and the General User Model [75] support

2Note, however, that in Generative Agents the primary purpose of the UI was to display
the simulation than the memory itself.

write-time deduplication and handle duplicates by skipping, replac-
ing, or grouping entries. In parallel, Zep [66] supports temporal-
conflict detection to catch temporal inconsistencies across memory
contents. Separately, Zep [66], Mem0 [18], Arigraph [2], and Se-
mantic Commit [83] provide LLM-based semantic contradiction
detection.

3.2.5 Interaction and Provenance (Table 2, rows 13-14). While most
AI memory tools were ultimately designed to operate as part of a
user–agent or agent–agent interaction pipeline, whether interaction-
related operations were implemented in-system depended on the
scope the system aimed to cover. Among them, Semantic Com-
mit [83], Memolet [91], and the chat interfaces of Chatgpt [60] and
Claude [5] also provided provenance about which memories the
agent referenced during interaction.Some systems do not explicitly
show evidence or provenance for interactions, but it is still possible
to see which memories were retrieved at that point through logs or
return values. We treated it as partially supported in such cases.

3.2.6 Visibility and Isolation (Table 2, row 15). There were few cases
where in-system operations allowed controlled differential visibility
or memory isolation between users and agents, aside from Memory
Sandbox [38]’s selective use of memories in chat and ChatGPT [60]/
Claude Code [5] instruction prompts that are visible only to the
agent and selectively disclosed to the user.

3.2.7 Observe (Table 2, rows 16-17). Systems often allowed agents
to observe and record user behavior to build long-term memory
without manual user curation. In simulation settings, observing
and recording external environments and interactions was essential
for agents to perceive, judge, and act autonomously.

3.2.8 Higher-level Memory Transformation (Table 2, rows 18–20).
Higher-level memory transformations beyond atomic edits became
more common as agents gained greater memory-control author-
ity. Consolidation mainly served to streamline memory stores, ei-
ther compressing memory store (Zep [66], ChatGPT [60], Claude
Code [5]) or producing more readable memory sets for users (Mem-
olet [91], Memory Sandbox [38]). Auditing appeared where sensi-
tive disclosure is likely (General User Model [75], ChatGPT [60]),
but in both systems the rule set was predetermined and not user-
configurable. Inference supported autonomous action (Generative
Agents [65], Arigraph [2]) or proposition extraction from observed
user interactions (General User Model [75], SpecStory [16], Chat-
GPT [60]).

3.2.9 History Tracking and Version Control (Table 2, rows 21–23). In
our analysis, even when systems supported memory deletion, sup-
port for version control or history was rare. Append-only memory
systems were coded as partial support, since the current state func-
tions as de facto versioning even without explicit history/version-
control features. For this reason, most tools did not support higher-
level version-control operations such as reverting, merging, split-
ting, or branching memory. Claude Code [5] can perform these
operations by executing Git commands, but they are not supported
via in-system operations; we coded this as supported only via a
workaround.
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Table 1: Architectural design choices across AI memory systems

System (a) Memory
substrate

(b) Memory
relations /
structure

(c) Structuredness
of each memory
entry

(d) Basic
memory unit
scale

(e) Node and
edge payload

(f) Retrieval
mechanisms

(g) Retrieval
justification
method

(h) Main interaction
pattern

(i) User interface

MemGPT[64] Context window
System prompt
External memory

Timeline Unstructured Document
Passage

Timestamp Timeframe filter
Lexical search
Vector embedding

Filters
Top-K

User requests,
system acts

API/Library,
Inspector
panel+chat+list

LangGraph
(BaseStore) [44]

External memory Tree Structured Not fixed Category
Timestamp

Lexical search Top-K
Filters

User inputs,
system uses

API/Library

HippoRAG [40] External memory Graph Structured Word
Document

Count
Keyword

Personalized PageRank Top-K User requests,
system acts

API/Library

Zep/Graphiti [66] External memory Multi timeline
Graph

Structured Word
Sentence
Episode

Keyword
Timestamp

Vector embedding
BM25
Graph (BFS/DFS)
Timeframe filter

Top-K
Filters

User requests,
system acts

API/Library

A-MEM [88] External memory Graph Structured Sentence Keyword Vector embedding
Graph (BFS/DFS)

Top-K User requests,
system acts

API/Library

Mem0/
Mem0g [18]

External memory Timeline
Graph

Structured Document
Episode
Sentence
Word

Keyword Vector embedding
BM25
Graph (BFS/DFS)

Top-K User requests,
system acts

Table

AriGraph [2] Context window
External memory

Timeline
Graph

Structured Document
Episode
Sentence
Word

Keyword Vector embedding
Graph (BFS/DFS)

Top-K Agent acts,
user observes

Text game
interface

Generative
Agents [65]

Context window
System prompt
External memory

Multi timeline Structured Word
Sentence

Score
Weights
Timestamp

Lexical search
Score Filter

Filters
LLM
judgement
Scores
Top-K

Agents interact,
user observes

Sims-like
observational
interface

General User
Model [75]

Workspace
External memory

List
Timeline

Structured Sentence
Episode

Timestamp
Score
Weights

BM25
LLM

Top-K
LLM
judgement

System acts,
system observes user

API/Library

Semantic
Commit [83]

Workspace
External memory

List
Graph

Structured Word
Sentence

Keyword LLM
Personalized PageRank

LLM
judgement

User acts,
system supports

Center list with
search/inspect
panels

Memolet [91] Context window
Workspace
External memory

Vector space
Set

Structured Document
Episode

- Vector embedding Top-K User acts,
system supports

Chat and card-grid
canvas

Memory
Sandbox [38]

Context window
System prompt

List Unstructured Document
Sentence

- - - User acts,
system supports

Chat

Claude Agent
Skills [4]

External memory
Context window

Tree Semi-structured Document - - - User inputs,
system uses

-

Claude Code
Subagents [8]

External memory
System prompt
Context window

Single file Semi-structured Document - - - User inputs,
system uses

CLI and IDE

Note. Each entry lists the adopted options for a system; within a cell, earlier items indicate relatively higher importance.

3.3 Implications of architectural decisions of AI
memory

Across these analyses, we derived several implications about how
specific design choices in AI memory systems shape interaction-
level affordances and trade-offs, while also identifying several gaps
in current dominant design patterns. Sections 3.3 and 3.4 briefly
discuss these implications and gaps.

3.3.1 Implicit versus explicit memory. Designers’ decisions about
whether information should live in implicit or an explicit memory
can be clarified by analogy to human implicit versus explicit mem-
ory. Implicit memory corresponds to knowledge we want to sur-
face reflexively and immediately through training, whereas explicit
memory corresponds to a knowledge network that is accumulated
over time and kept in a form that can be inspected and edited. The
two approaches involve a familiar set of trade-offs. Implicit mem-
ory is fast, but difficult to update, and it is often hard to trace the

reasoning or provenance behind a response. Explicit memory can
be slower, but it is comparatively easier to edit, delete, or scope, and
it better supports tracing which stored information contributed to
a given output. Explicit memory also makes it easier to construct
context-dependent responses by retrieving different combinations
of memories depending on the situation and inferred intent.

In practice, the choice often comes down to whether memory
is meant to enable reflex-like behavior (implicit) or to preserve
inspectable context and rationale (explicit). For example, when
memory updates are rare (e.g., language rules, basic mathemat-
ics, general programming knowledge), personalization is minimal
(e.g., systems targeting large, heterogeneous user groups), speed
is critical, and provenance is not strongly required, encoding the
knowledge into implicit memory can be beneficial. Conversely,
when memory updates are frequent, personalization matters, prove-
nance during reasoning is important, or the same question requires
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Table 2: Operational design choices across AI memory systems

LangGraph [44] Zep [66] ChatGPT [60] Claude Code [5]

Operation

Mem
GPT
[64]

Base
Store

Lang
Mem
[45]

Hippo
RAG
[40]

Zep
(cloud)

Graph
iti

A-MEM
[88]

Mem0
[18]

AriGraph
[2]

Genera
-tive
agents
[65]

General
User
Model
[75]

Semantic
Commit
[83]

Memo
let
[91]

Memory
Sandbox
[38]

Spec
Story
[16]

Instruc
tion Memory

Project
files Chats

Work
space

CLAUDE
.md Chats

1-6. Memory item
operation
1. Edit authority
(a) user edit memory
directly

Ë Ë Ë Ë Ë Ë Ë Ë - Ë - Ë Ë Ë - Ë Ë Ë Ë Ë Ë Ë

(b) system can edit under
user approval

- - - - - - - - - - - Ë - - - - - - - Ë Ë -

(c) system can edit without
user approval

Ë - Ë Ë Ë Ë - Ë Ë Ë Ë - Ë Ë - - Ë - - Ë Ë -

2. Add item
(a) user Ë Ë Ë Ë Ë Ë Ë Ë - Ë - Ë Ë Ë Ë Ë Ë Ë Ë Ë Ë Ë

(b) system with approval - - - - - - - - - - - Ë Ë - - - - - Ë Ë Ë -
(c) system without approval Ë - Ë - - Ë - Ë Ë Ë Ë - Ë △ Ë - Ë - - Ë Ë Ë

3. Edit item
(a) user △ Ë Ë - - Ë Ë Ë - - - Ë - Ë Ë - - - - - - -
(b) system with approval - - - - - - - - - - - Ë - - - Ë - - Ë Ë Ë -
(c) system without approval △ - Ë - - - - Ë Ë - - - - - - - - - Ë Ë Ë -
4. Hide / soft-delete item
(a) user - - - - -* - - - - - - - Ë Ë - - - - - - - -
(b) system with approval - - - - - - - - - - - - - △ - - - - - - - -
(c) system without approval - - - - - - - - - - - - - - - - - - - - - -
5. Hard-delete item
(a) user Ë Ë Ë Ë Ë Ë Ë Ë - - - Ë - Ë Ë Ë Ë Ë Ë Ë Ë -
(b) system with approval - - - - - - - - - - - Ë - - - - - - - Ë Ë -
(c) system without approval △ - Ë - - Ë - Ë Ë - - - - - - - Ë - - Ë Ë -
6. Export/share memory
(partial/full)
(a) user - - - - - - - - - - - - - - - - - - Ë - - -
(b) system with approval - - - - - - - - - - - - - - - - - - - - - -
(c) system without approval - - - - - - - - - - - - - - - - - - - - - -

7-8. Relations between
memories
7. Edit relations
(add/delete/update; single
or multiple relations)
(a) user - △ - - Ë Ë Ë - - - - - Ë - - - - - - - - -
(b) system with approval - - - - - - - - - - - - - - - - - - - - - -
(c) system without approval - - - - - - Ë Ë Ë - - Ë Ë - - - - - - - - -
8. (system) Construct and
maintain a network of
relations over time

- - - Ë Ë Ë Ë Ë Ë - - Ë Ë - - - - - - - - -

9. Query / Retrieval
9. Query / retrieve from the
memory store
(a) user Ë Ë Ë Ë Ë Ë Ë Ë - Ë Ë - Ë △ Ë Ë Ë Ë Ë Ë Ë Ë

(b) system with approval - - - - - - - - - - - - - - - - - - - Ë Ë -
(c) system without approval Ë - Ë Ë - Ë - Ë Ë Ë Ë - Ë △ - Ë Ë Ë Ë Ë Ë -

10-12. Detection
10. (system) Duplicate
detection

- - Ë △ Ë Ë - Ë Ë - Ë - - - - - - - - ◦ ◦ -

11. (system) Temporal
conflict/contradiction
detection

- - - - Ë Ë - - △ - - - - - - - - - - ◦ ◦ -

12. (system) Semantic
conflict/contradiction
detection

- - Ë - Ë Ë - Ë Ë - - Ë - - - - - - - ◦ ◦ -

13-14. Interaction &
provenance
13. (system) Use memory in
interaction

Ë - Ë Ë - - - Ë Ë Ë - Ë Ë Ë - - - - Ë - - Ë

14. (system) Show
provenance/evidence of
used memory

△ - - Ë - - - - △ - - Ë Ë - - - - - Ë - - Ë

15. Visibility & isolation
15. Visibility & isolation
controls
(a) User owns→ system
can/can’t view

- - - - - - - - - - - - - Ë - - - - - - - -

(b) system owns→ user
can/can’t view

- - - - - - - - - - - - - - - Ë - - - - - Ë

(c) system owns→ other
systems can/can’t view

- - - - - - - - - - - - - - - - - - - - - -

Legend: Ë = Yes; - = No;◦ = Workaround (not a built-in feature; achievable via LLM calls using the system’s supported functions);△ = Partially yes (yes in principle, but limited implementation)
* Legacy Zep soft-delete was removed in the current release.
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Table 2: Operational design choices across AI memory systems (continued)

LangGraph [44] Zep [66] ChatGPT [60] Claude Code [5]

Operation

Mem
GPT
[64]

Base
Store

Lang
Mem
[45]

Hippo
RAG
[40]

Zep
(cloud)

Graph
iti

A-MEM
[88]

Mem0
[18]

AriGraph
[2]

Genera
-tive
agents
[65]

General
User
Model
[75]

Semantic
Commit
[83]

Memo
let
[91]

Memory
Sandbox
[38]

Spec
Story
[16]

Instruc
tion Memory

Project
files Chats

Work
space

CLAUDE
.md Chats

16-17. (system) Memory
generation from
observation
16. Observation and
generation from user

Ë - Ë - - - - - - - Ë - - - Ë - Ë - - - - -

17. Observation and
generation from
environment

- - - - - - - - Ë Ë - - - - - - - - - - - -

18-20. Higher
transformation
18. Consolidate /
summarize memory
(a) system with user
approval

- - - - - - - - - - - - Ë Ë - - - - - ◦ ◦ ◦
(b) system without user
approval

- - - - Ë Ë - - - - - - - - - - Ë - - - - Ë

19. Sensitive-info audit
(suggest and apply)
(a) system with user
approval

- - - - - - - - - - - - - - - - - - - ◦ ◦ ◦
(b) system without user
approval

- - - - - - - - - - Ë - - - - - Ë - Ë - - -

20. Infer higher-level
knowledge (more than
summary) from existing
memory and add it
(a) system with user
approval

- - - - - - - - - - - - - - - - - - Ë ◦ ◦ ◦
(b) system without user
approval

- - Ë - - - - - △ Ë Ë - - - Ë - - - Ë - - -

21-23. History / version
control
21. (system) Track memory
history / diff

- - - - - - - Ë Ë △ △ - - - - - Ë - - ◦ ◦ Ë

22. Revert memory to a
specific version
(a) user - - - - - - - - - - - - - - - - Ë - - ◦ ◦ △
(b) system with approval - - - - - - - - - - - - - - - - - - - ◦ ◦ -
(c) system without approval - - - - - - - - - - - - - - - - - - - ◦ ◦ -
23. Merge/split/branch
memory
(a) user - - - - - - - - - - - - - - - - - - - ◦ ◦ -
(b) system with approval - - - - - - - - - - - - - - - - - - - ◦ ◦ -
(c) system without approval - - - - - - - - - - - - - - - - - - - ◦ ◦ -

Legend: Ë = Yes; - = No;◦ = Workaround (not a built-in feature; achievable via LLM calls using the system’s supported functions);△ = Partially yes (yes in principle, but limited implementation)

different answers depending on context and intent, it can be advan-
tageous to store the relevant knowledge in an explicit layer as an
editable network, as long as the latency cost remains acceptable.

3.3.2 How should we scope and target memory substrates? As Fig-
ure 1 and Table 1 suggest, even when a system uses explicit memory,
there are multiple places where memory can be situated and ma-
nipulated. The same information can live in the system prompt,
in an external store, or in a shared workspace where humans and
an AI co-produce artifacts. Alternatively, a system may rely on
additional agents with independent context windows, as in Claude
Code subagents [8]. In practice, an agent ends up using all of these
substrates. Even if a particular system covers only a subset of them,
designers should still consider how it connects to the rest.

For example, suppose a memory system is designed as a work-
oriented database that both the agent and users can reference. In
real use, the agent will not rely on the database alone, but will act
within its context window under a system prompt that specifies
roles, rules, and instructions, and it will retrieve from the database

as needed to compose responses. At the same time, users typically
want more than a Q&A interface: they want the agent to understand
the workspace they are operating in as if it were “looking at it
together” with them, and to retain task context so it can bring in
the right information at the right time. In other words, even if one
build just a database, users will still expect the system to connect
that store with documents, chats, workspace artifacts, and traces
used in other context windows in a coherent way. Similarly, even
if one develops only one part of the interaction pipeline, it is not
enough to focus solely on the system-prompt instructions, and
users will want the system to integrate with external stores and
workspaces.

Ignoring these connections may not break the system imme-
diately, and the problem may not be visible at first, but it almost
inevitably creates friction over time. For instance, if two incom-
patible systems exist, one strong at storage and another strong at
dialogue, reasoning, or tool instructions, users end up switching
back and forth and manually copy-pasting, or they eventually give
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up on one of them. Therefore, even when designing a single system,
it is worth keeping the entire agent pipeline in mind, including how
users will actually interact with it and how naturally it interoperates
with other tools, stores, and workspaces.

3.3.3 Granularity and density of memory components. When de-
signing structures to hold and manage knowledge, there is an in-
herent trade-off between fidelity and usability: larger memory units
preserve more context but are less likely to be read, while smaller
units are easier to scan but make faithful reconstruction harder.
The same trade-off applies to relations: simple edges (e.g., scalar
weights) are easy to process but carry little explanatory content,
whereas richer edges (e.g., predicates, keywords, short rationales)
preserve “why” at higher processing cost. The trade-off is similar
in terms of relational density: sparse structures (e.g., lists and inde-
pendent notes) are easy to navigate but cannot explicitly encode
complex, long-range relations. In contrast, denser structures (e.g.,
trees and graphs) can capture such relations but make navigation
more difficult.

These granularity- and density-related processing trade-offs also
apply to users, but in a somewhat different way. In general, people
are accustomed to reading text at the sentence level, consuming
information one unit at a time and largely in a single direction,
and they also tend to avoid overly long texts. Therefore, when
designing memory systems that humans are expected to consult
directly alongside agents, one must consider not only what kinds
of data an agent can process well, but also how humans actually
read. For example, ontology-style knowledge graphs expressed as
noun–verb triples often do not make it clear how the content should
be read, their traversal direction is not consistent, and each unit may
contain only one or two words, which makes it hard for humans to
reconstruct the underlyingmeaning. For similar reasons, presenting
too much information at once can also increase cognitive workload,
especially when the content is not written in a form that is easy to
read.

3.3.4 Representing relations among memories. Designing agent
memory is not only about expanding what can be stored, but also
about how memories and their relations are represented so that the
agent can later reconstruct context. Stored information becomes
useless if retrieval or relational inference fails, and such retrieval
cannot work well without making the relations among memory
fragments explicit.

From this perspective, the choice of relational structure intro-
duces downstream trade-offs in retrieval, interaction-time inference,
and update workflows. List- or timeline-based memories can be the
easiest to navigate because their relational expressiveness is largely
confined to ordering, but they offer limited support for preserving
richer contextual links across entries. Hierarchical folder structures
or grouped sets offer more freedom than flat lists, yet they force
each item into a single classification, making nuanced, cross-cutting
relations hard to represent and misclassifications costly to recover.
Graph-based structures, by contrast, offer the greatest flexibility
for representing relations, and a well-maintained graph can en-
able highly efficient retrieval by traversing explicitly encoded links.
However, graph construction and maintenance are expensive, and
in practice graphs are often difficult to keep clean enough to real-
ize their theoretical advantages. This overhead becomes especially

salient in human–AI collaboration settings, where human attention
and reading speed are far slower than agent-side processing.

To mitigate these trade-offs, some systems stack multiple layers
rather than committing to a single structure, for example, adding a
timeline- and keyword-oriented graph layer over list-like memory
entries [18], or overlapping multiple lists and timelines to compen-
sate for sparsity in any one view [65, 66, 75]. Because these struc-
tural choices are difficult to revert once a system is implemented
and populated with data, it is important to clarify the intended
goals and interaction scope early, and to select a representation
that matches the expected update and retrieval workflows.

3.3.5 Choice of retrieval mechanisms. Retrieval mechanisms intro-
duce an additional layer of trade-offs and are often combined across
layers. Systems commonly pair deterministic methods—such as lexi-
cal search, time-based filtering, or graph traversal (e.g., BFS/DFS)—with
additional retrieval layers, including embedding-based retrieval,
BM25-style lexical retrieval, and/or LLM-mediated query interpre-
tation and reranking. External vector embeddings often have lower
build and per-query costs than knowledge-graph approaches, but
their induced relational structure is difficult to update. Therefore,
for example, even when a user believes A should be closer to C
than to B, the system cannot easily “edit” that relationship if it is
determined by a fixed embedding space. Embeddings also struggle
with context-dependent meaning, such as name disambiguation or
indirect references (e.g., “you know who”), where explicit relational
representations can be more reliable.

When context sensitivity and controllable relations are central to
a system’s goals, paying the higher construction and maintenance
costs of graph-based structures may be justified. In such settings,
using an LLM to construct and operate over the graph can help
produce relations that better reflect intended meaning and context.
However, designers must anticipate higher and more variable costs
(and often less predictable latency) when LLMs are in the loop.

3.3.6 Interdependence between architecture and operations. Impor-
tantly, some operations and interaction patterns are contingent
on earlier architectural choices. For example, traversing a relation
graph and expanding a memory network is not feasible in a list
structure because there are no explicit edges to traverse. Likewise,
as noted earlier, editing edges is not possible in a list-based struc-
ture or when relying on precomputed vector embeddings. More
broadly, higher-level capabilities depend on whether nodes and
edges carry appropriate payloads: tracing and basic versioning are
prerequisites for higher-level version-control operations such as
merge, branch, and revert.

Missing capabilities can also implicitly discourage desirable user
behavior.Without adequate versioning, users may become reluctant
to delete memories, causing the store to grow without pruning.
Without appropriate visibility controls, isolation, and mechanisms
for managing links between memories, users may instead create
private, disconnected stores that never get incorporated into the
shared memory, leading to fragmentation and lower overall utility.
Similarly, users may want to share a specific part of the memory
store but fail to find it due to weak query functionality. In the worst
case, the system devolves into a workflow where users rely on a few
retrieved snippets and reconstruct the rest in their heads, negating
the intended benefits of external memory. In many cases, poor
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query performance is itself downstream of structural or operational
issues, such as an ill-organized internal representation.

Because these bottlenecks often arise from the interplay between
architecture and operations, designing an interactive memory sys-
tem requires anticipating the interaction flows and operations users
will actually perform, and then choosing architectures and oper-
ations that best support those flows. This also means considering
trade-offs holistically, since the effects of each design choice can
compound across the system. It is often valuable to explore multi-
ple design directions and iterate, rather than committing early to a
single representation.

3.4 Gaps in Current Dominant Design Choices
3.4.1 Underappreciated coupling between architecture and oper-
ation. Some operations in our corpus are not fully supported by
the underlying architecture, so they may not produce the inter-
actions users expect. For example, in Memolet [91], grouping or
interpolation may seem to affect retrieval, but these interactions
primarily reorganize interface-level state while memories remain
anchored to fixed vector embeddings. This matters because when
user manipulations do not translate into system operations, users
may misread a design mismatch as poor performance or a limitation
of the AI technology itself. Therefore, designers should recognize
that choices of memory architecture and operations involve clear
trade-offs that shape user interactions.

3.4.2 Gap in recording relationships among memories. Many sys-
tems in our corpus provide limited support for recording and main-
taining relations between memories, though such relations are
essential for later context reconstruction. For example, triple-based
knowledge graphs [18, 40]may lose needed relations because subject-
predicate-object encoding strips away nuances in the original ex-
pression. Once lost, these cues must be reconstructed at each use,
causing repeated inference costs while risking distortion. When
constraints allow, designers should preserve richer contextual links
within the memory network.

3.4.3 Lack of user-agent common grounding steps. Many systems
also lack a process for checking whether the memories and con-
textual relations inferred by the agent align with what the user
actually means. For example, in General User Model [75, p. 16],
participants expressed a need for clarification when the system
turned observations into propositions or suggestions with low con-
fidence. Without this clarification and grounding step, users may
remain uncertain whether the agent’s interpretation matches their
intent, and the agent may act in ways that conflict with it. Inter-
active agent memory systems should incorporate clarification and
grounding steps into human-AI collaboration workflows to prevent
misalignment.

3.4.4 Accumulate-only lifecycle with no versioning. Most systems
in our corpus do not support history tracking or version-control
operations, and instead adopt a single-version memory lifecycle
that is largely accumulate-only, with limited editability and, at most,
hard deletion. In such settings, users may focus only on accumulat-
ing data while avoiding edits to the memory network to prevent
irreversible loss, which can gradually degrade its overall quality.
Although any memory might become useful at some point, users

should still be able to distinguish higher- and lower-importance
memories and move less important ones into a lower-salience space
for retrieval only when necessary.

3.4.5 Lack of selective access control. Most systems do not support
selective access control for specific memories across different user
or agent groups, which becomes a limitation when they are used
in collaborative settings. Unless access-control features are added
externally, members may end up keeping their own versions of the
same memory system, preventing memory from accumulating as
a unified team resource. This can interrupt shared accumulation
and reuse, and increase the later cost of gathering and reconciling
information across individual memory stores. If a system aims to
support organization-wide memory, it should therefore support
access-control features at multiple levels.

3.4.6 Lack of approval control over memory operations. Many sys-
tems provide little support for finely configuring the scope of au-
thority between users and agents over memory operations. As a
result, users are often pushed either into unnecessarily handling
memory operations manually or into granting the agent too much
authority over memory operations. In this case, users may avoid up-
keep under excessive manual workload, or allow unintended agent
actions by granting more authority than they actually intended
to delegate. Memory operations should therefore be paired with
richer permission controls so that users can flexibly configure what
an agent is allowed to do, under what conditions, and with what
oversight.

3.4.7 Gray zone in NLP and HCI. Since system architecture, af-
forded operations, and resulting interaction patterns are tightly
interdependent, interactive AI memory design requires balanced
attention to all three. Yet NLP-oriented work often under-specifies
users’ interactional needs, while HCI-oriented work may under-
specify the structural and performance conditions needed to sup-
port those interactions robustly. For example, strong retrieval per-
formance does not guarantee a goodmemory system if users cannot
inspect provenance or judge reliability. Conversely, compelling in-
teraction concepts can still fail without sufficient structural support.
Because failure on either side can undermine the whole system,
designing memory systems for interactive AI agents requires atten-
tion from both sides.

4 Metaphors for AI memory
4.1 Dominant Metaphors on AI Memory and

Their Gaps
Notably, systems in our corpus repeatedly draw on three dominant
metaphorical framings: memory as records in a database, mem-
ory as human cognition, and memory as a set of skills and tools.
As metaphors shape how designers conceptualize what “memory”
should be and should do, and can thereby influence downstream
architectural and operational choices [42, 56], we introduce these
dominant metaphors and show how their framings are reflected in
systems’ design choices and rationales.

4.1.1 Records, repositories, and database systems. One dominant
framing of AI memory systems is to view them as repositories or
database systems that collect and organize records. This framing is
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common partly because AI memory systems are built using existing
abstractions for computers’ memory and persistent storage (e.g.,
databases, file systems). Some systems adopt this metaphor explic-
itly. Mem0 [18] and Memolet [91] directly invoke note- and memo-
based metaphors, and MemGPT [64] conceptualizes an agent’s
memory by analogy to a computer’s virtual memory. Not limited to
these examples, building a reliable repository or database through
the long-term accumulation of records is one of the goals of most
AI memory systems.

4.1.2 Neurobiology of human cognition. Another dominant fram-
ing treats AI memory through metaphors of human cognition. This
is unsurprising since Turing’s foundational work on machine in-
telligence framed the problem explicitly in human terms, “Can
machines think?” [81], and later efforts have often defined and
evaluated AI using criteria based on how well it can imitate human
cognitive capacities. Just as AI capabilities are often anthropomor-
phized [57, 70] and common terms such as learning and training
borrow from human ability, AI memory systems and their opera-
tions are frequently described using human memory operations,
such as learning, memorizing, forgetting, and recalling. The im-
plicit and explicit memory-storemetaphorwe have used throughout
draws on cognitive accounts of human implicit and explicit mem-
ory [72], and similar moves recur in AI memory research, where
system design is often grounded in analogies to components of
human cognition. For example, HippoRAG [40] frames its memory
indexing mechanism by analogy to the hippocampus.

4.1.3 Skills and tools. Building on the twomajormetaphor lineages
that frame AI in terms of machine memory and human cognition,
recent work increasingly characterizes agent memory as skills or
tools that can be equipped and swapped. As LLM capability im-
proves and system/context engineering matures, such memories
are treated more as modular, actionable packages consisting of pro-
cedures, rules, and tool-usage know-how that reconfigure what
the same base model can do. Systems that adopt this metaphor
often appear to merge machine and human framings. They manage
skills like machine components that are durable, controllable, and
swappable on demand, while describing their ongoing creation,
maintenance, and use in more human terms, such as “learning”
new skills or “holding” different tools. ReAct [89] and Anthropic’s
Agent Skills [9] provide clear examples of this tool/skill-oriented
metaphor for agent memory.

These metaphors help us define and make sense of AI memory,
and we also draw on them throughout this paper to explain many
concepts. However, they also shape how AI memory is imagined
and constituted in practice by “centring particular ideas” while
“marginalising others” [56]. When memory is fixed as a record or
repository, “the agent” is often reduced to the LLM alone and exter-
nal memory becomes an auxiliary store rather than a component
of the agent system, which can limit the interactive benefits of
explicit memory, such as on-the-fly updates and long-horizon con-
text structuring. Conversely, when designers focus too narrowly
on reproducing human memory, they may overlook non-human
but useful properties of AI memory, such as persistence without
forgetting and richer, user- or community-driven forms of memory

manipulation. For these metaphors, it is therefore important to re-
flect on their bounds and assumptions, what features of AI memory
they center and marginalize, and what possibilities they open up
or constrain for both designers and users [56, pp. 6–8].

4.2 Exploring less-used metaphors
To seed a design space of actions we might perform on memory,
we adopt generative metaphor [74] as a design tool [50] to imag-
ine what future AI memory systems could be like. In this chapter,
we introduce seven less-used metaphors for AI memory as a way
of “connecting previously disassociated domains to generate new
ideas” [50], focusing on less-used framings and their implications to
expand the space beyond dominant metaphors, with a set of design
implications derived from our metaphors.

These alternative metaphors were generated and refined through
a researcher-led iterative design process conducted over approx-
imately three months. All authors participated in proposing, dis-
cussing, and refining candidate metaphors throughout the broader
research process, alongside the work of mapping the design space
and completing the architectural and operational surveys. We re-
peated this process through regular weekly meetings, as well as
additional ad hoc meetings and chat-based discussions.

During these iterations, we considered which metaphors to in-
clude, exclude, merge, rescope, or further elaborate, and which
properties of AI memory each metaphor most productively fore-
grounded. Across these iterations, we refined both the metaphors
themselves and the specific properties and implications associated
with them, aiming to identify metaphors that foregrounded distinct
and useful qualities of AI memory, could inspire concrete design
directions, and did not substantially overlap with the dominant
metaphors already shaping the space.

Some candidate metaphors, such as software version control [77],
Zettelkasten [51, 52], requirements [84], and science fiction tales/games,
were already part of our early framing of AI memory and had rec-
ognizable, if non-dominant, precedents in adjacent research and
practice. Software version control, for example, has long informed
workspacemanagement in agentic coding systems [3, 24, 59], even if
it has not typically been framed as a metaphor for AI memory itself.
Requirements likewise shares important affinities with prompt engi-
neering [17, 63], context engineering, and intent specification [83].
Zettelkasten also had precedent in the space, including in systems
such as A-MEM [88] that draw on it directly as a metaphor for its
memory system. Science-fictional framings, while not commonly
used as metaphors for AI memory itself, have often been used to
imagine AI agents, their roles, and their interaction settings more
broadly. Other metaphors, including personal diary and record [47],
and community archive [27], and cultural probes [28], were newly
proposed here as metaphors for AI memory and were further de-
veloped through this iterative process by extending adjacent dis-
cussions in HCI.

Candidates were excluded when they overlapped too heavily
with other metaphors, were too broad or too narrow to be genera-
tively useful, or led to implications that felt overly speculative or
insufficiently actionable. For instance, an early metaphor framing
AI memory as a library was not retained as a final metaphor be-
cause its design implications could be more clearly and productively
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distributed across memory as records, repositories, and database
systems and memory as a community archive.

We also adjusted the scope of candidate metaphors when needed.
For example, a metaphor initially framed around Git [30] was broad-
ened to software version control to avoid an overly narrow associa-
tion with one specific tool, while a broader framing around fiction
was narrowed to science fiction novels and games to better match
the intended design implications and reduce ambiguity. The final
set was selected based on whether each metaphor (1) foregrounded
a distinct and useful property of AI memory, (2) was appropriately
scoped for design discussion, (3) generated concrete interaction or
design implications, and (4) was not overly redundant with either
dominant existing metaphors or other candidates.

4.2.1 Software version control. The version control systems (VCS),
such as git, used to track a project’s commit history [77] are crucial
repositories of memory about the project’s evolution [23, 41] that
can be leveraged for a huge variety of tasks [35].

• Higher-level memorymanipulation.Versioning enables higher-
level operations over AI memory, such as diffing, merging,
branching, reverting, and rebasing.

• Revertibility. Versioning makes memory revertible, lowering
the friction to experiment with different approaches.

• Traceability and accountability. Versioning improves trans-
parency and accountability by recordingwho didwhat, when,
and why.

Implications. Software version control is useful not only for
coding but also for many tasks that require iterative refinement,
such as writing, design, and planning. Memory systems can sup-
port this process by adding version-control operations such as diff,
branch, merge, and revert. By reducing users’ fear of information
loss whenmemory is modified, these features can help them explore
more alternatives and collaborate with the agent system more con-
fidently. Directly adopting version-control systems is one strong
option, but for broader users, drawing on save, versioning, and
history-tracking interfaces familiar from operating systems, cloud
services, and commercial tools may also be a good option.

4.2.2 Zettelkasten. The Zettelkasten (“slip-box”) is a personal knowl-
edge management method developed by Niklas Luhmann [51, 52].
Each day, he captured atomic thoughts on slips, assigned unique
IDs, linked them to related notes, and filed them into a growing
network.

• Atomicity of unit thoughts. Each slip should capture a single
atomic idea, so later citations point unambiguously to one
claim [73, p. 203, 306].

• Looseness. The network stays deliberately loose, tolerating
overlap that later reveals each entry’s value [73, p. 300].

• Human-in-the-loop. Notes are staged and placed manually to
vet atomicity and preserve long-term quality [73, p. 300] [51,
52].

• Tangibility and spatial manipulability. Physical notes enable
hand-to-hand manipulation, retrieval, storage, and sharing.

• Reproducibility. Zettelkasten externalizes connections be-
tween ideas, keeping their context retrievable and recon-
structible over time.

Implications. Zettelkasten is useful when an AImemory system
needs to preserve rich, reconstructible context across many loosely
connected ideas. This would require representing memory as at-
omized nodes with richer node and edge payloads, together with
operations for editing, linking, scoping, and traversing the network.
Such a structure can better preserve contextual relations while re-
maining more readable and editable for both users and agents than
highly flattened or overly granular representations. At the same
time, designers should consider that exposing too much of such
dense memory structures at once could easily overwhelm users.
Useful inspiration may come from wiki-like or recommendation-
based interfaces that reveal only the most relevant linked ideas first
and let surrounding context be expanded on demand.

4.2.3 Requirements. Requirements [84] describe what functions a
system should perform, agreed-upon constraints, its non-functional
priorities, and the scope and assumptions under which it should
operate. Depending on the intended audience, requirements can
be expressed at different degrees of formality [15] to negotiate,
develop, and document shared understanding. They are also used
as run-time components in self-adaptive systems [71].

• Shared grounding and interpretability. Requirements should
be clear, legible, and consistently interpretable by relevant
stakeholders at an appropriate level of abstraction.

• Reducing redundancy and ambiguity. Requirements aim to
minimize ambiguity and unnecessary duplication.

• Verifiability. Verifiability should be treated seriously from
the start when defining requirements.

• Normative reference.Well-formed requirements aim to be a
stable reference that can later govern decisions.

• Conflict-free. Requirements should not conflict with one an-
other.

• Providing rationale. Requirements should capture not only
what is required but also why.

Implications. Requirements can serve as a productive metaphor
for collaborative situations in which memory is meant to guide or
constrain later agent behavior. Supporting this direction would
require list- or table-based requirement items plus semantic opera-
tions for checking conflict, satisfaction, and rationale, along with
retrieval and reasoning support for reconstructing relevant context.
This requirements-based treatment of memory can make user in-
tentions and expectations more explicit, inspectable, and revisable.
Useful interfaces include table-based views that support compari-
son, matching, and verification. Evaluation tools for prompts, mem-
ories, or policies, such as ChainForge [10], Semantic Commit [83],
and Policy Maps [43], may likewise offer useful interface ideas.

4.2.4 Personal diary and record. AI agents are often used as a
confidant for thoughts, secrets, or emotions that users would not
easily disclose to others [47]. In such cases, AI agents and their
memory systems should have different interaction and operational
characteristics than when dealing with public information.

• Honesty and privacy. Because diaries presume no external
audience, they invite candor but demand stricter privacy and
disclosure controls.

• Entanglement of the private and the public.Diary entries often
interweave private details with public and social contexts,
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making shareability audience- and context-dependent and
shifting over time.

• Personal record for later reflection. Diaries create a persistent
record of an “observed self” that can be revisited for reflec-
tion, sometimes revealing aspects that differ from one’s usual
self-concept.

Implications. An agent working with external systems while
holding a user’s sensitive memory is like someone entrusted with
the user’s diary and discretion over what to share. Such an agent
would need stronger access separation, selective disclosure controls,
and richer memory representations that preserve the contextual
nuance needed to keep its judgments aligned with the user’s intent.
With these conditions, users could ground deeper information in
memory and delegate higher-stakes tasks more confidently. They
would then need interfaces for inspecting representations, checking
context-dependent privacy boundaries, and tracing downstream
effects as memories change. Useful interface directions may include
compare views, policy panels, and impact-analysis workflows.

4.2.5 Community archive. AI memory itself can be metaphorically
framed as a community archive [27] because contributions to an
agent’s memory are not bound to a single user and can instead
be formed through interactions and contributions from multiple
participants.

• Transmission and re-access/reconstruction. Archives preserve
records for future members and enable ongoing return, rein-
terpretation, and reconstruction over time.

• Voluntary participation and production. Community archives
are driven from within the community, requiring member
participation, control, and ownership in what gets docu-
mented [26, p. 153].

• Cross-referencing and knowledge networks. As records accu-
mulate, they increasingly cross-reference and link to one
another, forming a contextualized knowledge network.

Implications. Treating memory as a community archive is use-
ful in group settings where relevant traces are scattered across
people and places, yet the group still needs a durable shared record.
Meanwhile, building such an archive requires not only a collective
space but also clearly bounded structures so that personal and col-
lective memory do not become unintentionally conflated. It also
requires operations for semantic duplicate detection and evaluation
of the usefulness of new contributions. This can shift more manual
filing and retrieval work to the agent, letting members focus more
on meaningful contribution to and use of the archive. Such archive
interfaces may range from more conventional shared repositories
with attached editors, discussion views, or terminal panels to forms
embedded closer to group activity, such as chat-integrated agents
in Social-RAG [86] and CHOIR [46].

4.2.6 Cultural Probes. Cultural Probes [28] is a method for cat-
alyzing design ideation. Rather than asking direct needs-based
questions, it uses ambiguous, indirect cues that leave room for
interpretation.

• Fragmentary cues as catalysts. Cultural probes use fragments
to spark recall and ideation.

• Subjectivity of uptake and interpretation. The same cue can
be interpreted differently across people and over time.

• Creativity as a generative process. Creativity often arises by
recombining new stimuli with prior knowledge [55].

Implications. Cultural probes are useful for ideation settings
in which an agent must generate outputs that respond to the user’s
contextual constraints, avoid merely repeating what already exists,
and still become meaningfully novel. This requires richer contex-
tual memory, strong retrieval and reasoning, and enough autonomy
to maintain evolving context, identify underexplored areas, and
surface directions worth testing. Under these conditions, sugges-
tions can act as probe-like stimuli for users, for the agent itself,
or even across multiple agents catalyzing one another. Therefore,
to let users perceive and inspect this process, interfaces should
expose provenance, reasoning paths, and citation-like links without
making these relations too abstract or overly dense.

4.2.7 Science fiction tales/games. AI agents and their memory can
also be framed through science fiction and games, since many agent
settings contain partly fictional elements that should be considered
in their design.

• Fictionality. In explicitly fictional settings, an agent’s memory
and actions need not mirror real-world facts [85].

• Verisimilitude within the world. Even if not realistic, events
should remain plausible within the world’s internal logic to
keep the setting coherent [58].

• Narrative coherence and justification. Narrative coherence
matters more than factual completeness. Interactions should
maintain context and provide “why” to sustain immersion.

• The world’s continuity. Long-running interactions should pre-
serve continuity, coherence, and the world’s verisimilitude
over time.

Implications. Fiction metaphors are useful not only in fictional
settings but also in partially fictionalized real-world domains such
as branding and storytelling. Sustaining such narratives over time
requires long-lived, extensible memory that preserves links across
entities, events, and temporal phases while remaining navigable as
these accumulate. It also requires operations for tracking narrative
change, detecting and repairing inconsistency, and supporting re-
framing as the narrative evolves through internal development or
external intervention. This helps sustain a distinctive narrative over
time without letting it fracture through serious inconsistency. Use-
ful interfaces may therefore include timelines, key-event chronolo-
gies, time-based graphs, and entity- or keyword-centered wiki-like
views for inspecting narrative change over time.

5 Conclusion
This study investigated the design space and metaphors employed
by current AI memory systems to enable more effective human-
AI interaction. We proposed a design space account of interactive
AI memory systems across architecture, operations, and interface.
Using this framework as an analytic lens, we examined how exist-
ing systems instantiate memory design choices, highlighted domi-
nant patterns, and surfaced gaps that constrain interaction capabil-
ities or introduce practical trade-offs. We also applied generative
metaphorical design to widen what “AI memory” can imply, propos-
ing alternative less-used metaphors that suggest new directions for
designing future interactive memory systems.
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Our work can help practitioners design interactive AI memory
systems by making appropriate design choices that fit their in-
tended goals. For those analyzing and improving existing tools,
our approach can also clarify the implications of specific design
choices and make gaps more visible. For researchers spanning HCI
and NLP, our account offers a shared vocabulary for recognizing
this gray zone and for reasoning about memory as a system-level
design problem, which can in turn seed new research ideas.

Interactive AI memory system design remains at an early stage,
with new techniques and ideas continuing to emerge. As this area
develops, we expect the design space to be explored in broader
ways than what we articulated here. We hope this work helps open
further possibilities and new discussions about how agent memory
should be designed, governed, and experienced.
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