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The Shift from Generative Al to Agentic Al

LLM applications move from one-shot generation (Prompt Engineering)
to long-running, stateful execution (Agentic Workflow).
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LLM Agents

An agent turns an LLM’s intelligence into autonomous action with planning,
memory, tools, and feedback.
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What Modern Agents Do?

LLM agents are moving beyond single-turn generation toward long-horizon execution.
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1. Plan 2. Act / Tool Use 3. Observe 4. Reflect / Revise
Decompose goals, ? Use tools & APlIs, —— @ Collect results, Evaluate, refine plan,
choose next steps execute acti ons read tool outputs adapt & re-plan

/L ' gg Persistent Memory & State

Facts, states, traces, decisions, reusable experience

et e | o AR S j
: Long-horizon, tool-using, stateful execution i
 Personal Assistant Agents: Manage schedules, user preferences, and follow-up tasks.
« Software Engineering Agents: Inspect repositories, run code, and debug failures.

- Data and Analytics Agents: Query databases, profile datasets, and generate reports.
« Scientific Research Agents: search evidence, verify claims, and track hypotheses.



From Agent Workloads to Execution Challenges

Agents fail when (1) state is lost, (2) traces are hard to access, or
(3) saved records are reused incorrectly.

Long-Running Execution
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1. Long-Running State Continuity 2. Trace Growth and Selective Access 3. Update, Consistency, and Safe Reuse
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* Long-Runing State Continuity: Important task-related states are scattered, changing, and easy to lose.

* Trace Growth and Selective Access: Long traces become noisy, redundant, and difficult to search.

- Update, Consistency, and Safe Reuse: Saved records may become stale, conflicting, or unsafe to reuse.
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Challenge I: Long-Running State Continuity

Long-running agents must keep state information continuous across sessions.
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« Context Overload: Replaying the full history increases cost, noise, and attention burden.
» Scattered State: User preferences and other facts are spread across sessions.
- State Change: User needs, task goals, and environment facts may change over time.



Challenge lI: Trace Growth and Multi-modal Data Retrieval

Long traces contain heterogeneous, multi-modal artifacts that must be selectively retrieved,

summarized, and organized to support later tasks.
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Trace Growth: Execution produces a growing stream of diverse modalities (e.g., natural
language reasoning, structured API calls, code snippets, images, tool outputs)

Low Signal: Raw traces are often repeated, noisy, and too large to use directly.
Information Loss: Heavy summarization may remove details needed for later reasoning.
Weak Structure: Flat or weakly indexed traces make relevant evidence hard to retrieve.



Challenge lll: Update, Consistency, and Safe Reuse

Long-term records must be updated and controlled to be safely reused.
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« Outdated Records: Saved records may become outdated, duplicated, or inconsistent.

« Conflicting Updates: New information may conflict with older records from different sources.
« Error Propagation: Reused experience may carry old errors into new tasks.

- Safety Risks: Long-term storage raises privacy, deletion, source tracking, and audit needs.



Agent Memory as Solution

Agent memory provides a solution that connects past execution with future decisions.
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* Long-Running State Continuity: Agent memory keeps and maintains user, task, and environment
state beyond the current context.

« Trace Growth and Selective Access: Agent memory turns long traces into compact, well-organized,
and accessible records.

 Dynamic Update, Consistency, and Safe Reuse: Agent memory updates, merges, forgets, and
audits saved records over time.



Memory for Long-Running State Continuity

Memory preserves state that remains current, traceable, and reusable beyond the context.
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« State Records: Store user preferences, task constraints, and environment facts across sessions.
 Temporal Updates: Keep track of state changes as user goals or external facts evolve.

« Source Tracking: Attach time, source, and status information to saved state.

« Context Injection: Retrieve the latest valid state when the agent starts a new step or session.
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Memory for Trace Growth and Data Retrieval

Memory transforms heterogeneous execution traces into modality-aware, indexed records
for efficient cross-modal retrieval.

Execution traces A o B O o Useful records @
@ Time g (LD - a O S D E D
e | 3 O
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. 232
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= ‘" ~ ( P
@D Reasoningistep’ —=—o—— >. " }‘o Ol‘gaﬂlze - o Observation T3
R & b CPU usage spikes ) Q
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© Observation Output: 1203 rows Signal == Structure Dacision -
::2)
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s and rerun. ® Action
I
|
s " ecccccccccs * """" - : .......................................... D SR \l
v ; : g ! @» |Indexed & organized for efficient access !
_J Information loss : ; - arTfuturertasks ‘

Long, noisy, repetitive, and unstructured SRt s e S I O i N S AT e TR R e )

» Trace Selection: |Identify useful information from plans, actions, tool calls, observations, and feedback.
 Trace Compression: Summarize long execution histories while keeping key details.
» Trace Organization: Link related events, facts, decisions, and intermediate results.
* Multi-modal Retrieval: Retrieve task-relevant records by querying across modality-specific indices
without replaying the full history. 1



Memory for Dynamic Update, Consistency, and Safe Reuse

Memory controls how saved records are updated, corrected, forgotten, and safely reused.

o Record Update R e Conflict Handling 2
(e 3 e
2ES) |— ==
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]
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e
°
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\
1
1
1
/)
/
/. Y
s

Evaluate value

<
Validate for use Saved Records Store
wmse & safety

9, ‘
{ LN J I, /J ‘ Forget low-value
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U \
-

se in agent or )
\ later task 4 —4
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Least Privilege Time & Purpose | End-to-End ! & Review

 Record Update: Revise saved information when user needs, task goals, or environments change.
« Conflict Handling: Resolve contradictions between old and new records from different sources.

- Safe Forgetting: Remove outdated, low-value, duplicated, or unsafe records when needed.
« Auditable Reuse: Track source and use history before saved information is reused.
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Application: Personal Assistant Agents

O Memory reduces repeated questioning and
supports continuous personalization in
personal assistants, such as OpenClaw.

» State Continuity:
 Store user preferences, routines,
schedules, constraints, and pending tasks
in personal agents, such as OpenClaw.

 Selective Retrieval:

 Retrieve relevant personal history before
planning trips, managing calendars, or
recommending content, such as travel and
reminder assistants.

- Safe Reuse:

« Update changed preferences and avoid
using outdated or sensitive information,
such as controllable memory settings in
ChatGPT.

Inside OpenClaw

Why Everyone's Talking About OpenClaw:
The Agent That Can Actually Do Things

O R [ﬂé
Al

Claude ™

@ OpenAl -

L@ DeepSeek

Voice-Activated
Assistants

-
= 9 ¢ 2| Multimodal
L g “ | Assistants

= - Specialized
Text-Based = i 7% | Assistants

Assistants = Types Of .0“;1“

Al Personal
Assistants

Smart Home

Assistants In-App Al

Assistants

Enterprise
Al Assistants

s Custom Al
g \®..~| Assistants
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Application: Software Engineering Agents

O Memory preserves project context and
reduces repeated debugging failures in
software agents, such as Claude Code-style
coding assistants.

» State Continuity:

« Store repository structure, coding rules, API
constraints, open issues, and task progress in
coding agents, such as Claude Code, Codex
and Copilot.

» Selective Retrieval:

 Retrieve related error logs, failed commands,
test outputs, patches, and verified fixes during
debugging, such as Cursor.

» Safe Reuse:

» Reuse prior fixes only when they match the
current codebase, dependency state, and
validation results, such as Cl-checked coding
workflows.

Codexis the

to
use ChatGPT
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Application: Data and Analytics Agents

OO0 Memory keeps data understanding
consistent across analysis workflows, such
as Fabric and Power Bl Copilot scenarios.

» State Continuity:

» Store schemas, semantic models, table
meanings, data profiles, and business
assumptions in analytics agents, such as
Fabric Data Agents.

» Selective Retrieval:

* Retrieve prior SQL queries, joins, cleaning
choices, profiling results, and report
decisions, such as Power Bl Copilot-style
analysis.

- Safe Reuse:

» Update saved records when schemas, data
distributions, permissions, or business goals
change, such as governed enterprise data
agents.

“Show me sales data”?

. Query < /> Query

“Show me sales data”? / \

U
— |m| —[

Résult Result Result ==?
Fabrlc Data
WebApp  Azure Al Foundry (LLM/SLM) Qgent Data Sources /

rﬁl\BRIC DATA AGENTS
COPILOT STUDIO

Create a Product Al Agent

Bi-! le

Publish in Teams & M365 Copilot

i G

BI Mger
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Application: Scientific Research Agents

O Memory connects evidence, hypotheses,
procedures, and results across long-running
research workflows.

» State Continuity:
 Store sources, claims, hypotheses, experiment
plans, observations, results, and protocols in
research agents, such as Gemini Deep Research
and Google Al Co-Scientist.

» Selective Retrieval:
 Retrieve citations, source metadata, prior findings,
and procedures during long-running studies, such
as literature review agents.
- Safe Reuse:
* Revise hypotheses and mark unsupported,
outdated, or conflicting evidence before reuse,
such as scientific hypothesis-generation agents.

A NotebooklLM

Gemini OpenAl Perplexity Grok Manus Al
Deep Research Deep Research Deep Research DeepSearch Manus (beta)
(2024.12.11) (2025.02.02) (2025.02.14) (2025.02.19) (2025.03.06)

+ & K MM I

& ¥ & Al

HuggingFace Zilliz LangChain Firecrawl Jina Al
Open Deep Research DeepSearcher Open Deep Research Open Deep Research DeepResearch
(2025.02.04) (2025.02.21) (2025.02.21) (2025.02.24) (2025.02.25)
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From Applications to System Requirements

O Application-level memory requires

system-level support for storage, access,
update, and management.

« What to store: Facts, states, traces,
decisions, and reusable experience.

* How to represent and store: Text, records,
tables, graphs, vectors, or model-level states.

* How to retrieve: Semantic search, keyword
search, structured lookup, or graph traversal.

 How to maintain: Update, merge, summarize,
forget, and audit saved information.

Application Needs — System Requirements

Per: | | Software Data & R h
<P 2o of .
Assistant | Engineering n Analyti
cO% - ‘ :
Application-level
Memory Needs — . Facts 0 States Traces Decisions Reusabl
‘ =] Veried information 04" | World/model P Actions, events, Choices and th ¢, | Experience
— and knowledge snapshots <] andexecutons ¥ outcomes Patterns and
lessons learned
System-level
support
@ Representation & Storage ©  Access &Retrieval © Update & Maintenance @ Management Lay,
What to store and how to represent it How to find and retrieve information How to keep memory accurate and useful w to organize, prot d ge
@ @ Semantic @ Keyword 2 @ E‘f} g G’)
Ry, Search Ry Search
Tes Records Tables Update Merge Summarize Organization Indexing ~ Consist cy
Q Structured
9 ? [ : ’} ED @ Lookup
Graphs ~ Vector rs tes

izati Consisten
Q  Graph
0-Q Traversal ﬁ @
i Provenance
Permissions
= (=)
B @ e B ©

r, 1 Structured Memory

Unstructured Memory
) (e.g., tables, records)

Model-level Memory
(e.g., text, documents)

(e.g., vectors, states)
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* Memory refers to persistent information extracted from past interactions, which can be retained,
managed, and reused across different conversations or tasks.

Memory vs. Context

« Context refers to the recent conversational information that is temporarily available to the agent
and directly supports the current interaction.

7

Do ([} Do

Do ([ Do

Why is my sales report slow?

A non-sargable filter may

“ block index use.

It filters by order_date.

Index sales(order_date) exists,

but the query is still slow.

The filter may still prevent

1 index use.

Predicate: DATE(order_date)
= ‘2024-06-01", EXPLAIN
shows Seq Scan.

Context

i

-

e

8 Current User Query

How should | rewrite
the filter so the index on
order_date can be used?

\

J

Q Cross-session reusable information

¢ Functions on indexed columns can block
index use.

e Check EXPLAIN: Seq Scan vs. Index Scan.

e For one day. Use a half-open range.

@ Key information from context

¢ Index: sales(order_date)
¢ Predicate: DATE(order_date) = 2024-06-01’

e Plan: Seq Scan; query is slow.

Memory
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Memory as a Data Management Layer

« Agentic memory shares striking parallels with database systems. Both are responsible for storing,
organizing, retrieving, updating, and maintaining information to support reasoning and decision-
making in dynamic environments

Schema

Define tables, attributes,
constraints, and data types

Memory

Define memory types, semantic fields,
entities, relations, and metadata

IndeXx

B-tree / hash / inverted indexes

Embedding, keyword, graph, and
metadata as indexes

Transaction-Consistency

ACID properties

Reliable memory writes, conflict
resolution, temporal consistency, and
consistent updates

Compaction-GC

Merge data, remove obsolete
records, and reclaims storage

Consolidates, summarizes, deduplicates,
forgets stale memories

Provenance

Track data lineage, logs, sources,
and audit trails

Track memory source, conversation
origin, timestamps, confidence, and
evidence
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Data Management for Agent Memory

« Memory Application Layer: Memory Application Layer
Observation

« Connect users, agents, tools, and environments
r_‘\ Conversation @ Planning Actnon @

through conversation, planning, action,

observation, and context engineering. User Agent Tools Environment
. M L . Conversation/Trajectory Context Engineering
emory ayer' Memory Layer Memory Management Layer
* Maintain short-term context and task state, and Short-Term Memory Operators
. . @;) ( @\ Extraction Update
preserve long-term episodic, procedural, o= = o .
] ontex ate etrieva ompression
semantic, and personal memory. P O Forgetting Consolidation
° Memory Management Layer’: Episodic Memory Conflict Detection Reflection
. . Procedural Memory
» Apply operators such as extraction, retrieval, Somantic Memory Safety Management
update, compression, forgetting, consolidation, O] iy Access Control it
conflict detection, and reflection. p N
Memory Storage Layer
d Memory Storage Layel': Text-Level Storage ) Model-Level
. . . (TTTTTITTTTTT e ) Storage
* Materialize memory in structured s.tores, = == :C& @ %% @ s Pm%m
unStrUCtured Storesa and parametrlc Stores, Database Key Value (| Graph Hierarchical : Files  Vector Bufferg
|:, Structured Q Semi-Structured\""-'-':-:\'"lir-'l_s-t-r;.l-c:t_t;r;;;
such as databases, graph DBs, JSON, =L
Content-based ! Attribute-based ! Structure-l::::: i Parameter Routing | Latent-State Lookup/

Markdown, files, parameters, and latent states. Contentbased.
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Overview of Data Management for Agentic Memory

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage

» Text-Level Storage
* Model-Level Storage

* Index Layer
dExisting Memory Systems
dEvaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer )
Text-Level Storage ) Model-Level
(TTTTTITTTTT T ) Storage
@ Key |Value i@@ o E g
i@@ % v I| | Parameters
Database Key Value |( Graph Hierarchical |, Files  Vector Buffer ’; (.I(.ﬁI.) )
|:| Structured D Semi-Structured ':__—' Unstructured | | L atent State
Index
Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Agentic Memory Workflow

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage

» Text-Level Storage
* Model-Level Storage

* Index Layer
dExisting Memory Systems
dEvaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer )
Text-Level Storage ) Model-Level
(TTTTTITTTTT T ) Storage
@ Key |Value i@@ o E g
i@@ % v I| | Parameters
Database Key Value |( Graph Hierarchical |, Files  Vector Buffer ’; (.I(.ﬁI.) )
|:| Structured D Semi-Structured ':__—' Unstructured | | L atent State
Index
Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Memory Input

« Conversation: The external exchanges between the user and the agent.

* Trajectory: The agent’s internal execution states, such as intermediate reasoning,
tool calls, task progress, and environmental feedback.

Internal / Execution

External / Observable &

o =

= ﬁ
Planning
User Query &
(D ~
< Tool / Action

Response Agent l

e 3

Observation Environment

User

Conversation Trajectory
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Memory Construction

* The raw input to the memory system is temporarily stored in short-term memory.

* The input is asynchronously transformed into long-term memory by extraction.

Text-Level Memory a 3

© - @ - § ; ‘ @
[ B i i
Q) g”:@ Temporarily Store — Async Extract Datdtass 1 GEpliDB cS0h
————p p——— _—_——

@]  |aa

Conversation / Trajectory \Short—Term Memoryj pr ‘ —

Markdown Files

Long-Term Memory

Model-Level Memory

4 B r N
( )
A ; 1 (eoeo)
Stage Curate —_— Parametric 3 =
S Consolidation 1 (eooo0)
. . =D
Conversation / Trajectory \Short-Term Memory) Parameters . Latent State 3

Long-Term Memory
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Memory Pipeline

 Memory Retrieval:
» For each query, agent first submits it to the memory system to retrieve relative memory items.

 Context Construction:

 The memories are integrated into a memory-augmented context via context engineering.

* Response Generation:

* The question, alongside the context, will be inputted into the agent to generate an answer.

@ Memory Retrieval @ Context Construction @ Response Generation
Memory-Augmente;B
8 —_) @ 1 Context

User Query

Retrieval
: ( '

Context

l Engineering

Retrieved
Memories

o
0

Memory Store
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Memory Maintenance

A set of management operators maintain the memory system’s functional effectiveness,
structural organization, and alignment.

B\ Existing Memory Candidates

Update @ E] [%] @ Confllct Detectlon
. K) Append / Revise . .
5 —@
= @

Result o

Forgetting £ Eviction Candidate ] Redundant Items Compress|on
[+_] E s 2N X T
| » [;]

o ¢ @ Delete / Archive Compressed Memory
= S—— i s—s
3 ) \

Supporting Memories

Consolldatlon Reflection

~
=l=)= - = (D)
Merge / Link E]

O<i>0 @—’ High-Level Knowledge
— = G=
- / *=

v v

1] {111°]
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Write-Manage-Read Formalization

(@ B\ (3 )\ 2 N\
N .
=L Input Traces x;=(c;,7,) (1) Write W Candidate Updates M ;'
fe= a t t“t a t
observations & interactions extract useful information @ o ®
- N B from current traces = -
; new task user
g Conversation ¢, fact outcome | | preference
user query <> agent response [ extract ] [ insert J [ update ]
>, newly generated
7 &\ online memory writing memory candidates - e
(] : : \ S
@. ; Execution Trajectory T, Manage g
F ) )
k. reasoning / tool calls / feedback <’ \ ongoing maintenance of the memory store
j/ N\ ~
two complementary interactiontraces | | am et . ar | o e e - ——— conflict :
L 0 Memory Store M ¢ update doteiion forgetting
- T NS J - — /4
m1 mz m3 e {a N\ 'd 2\
— d-——————— compression | | consolidation reflection
@ f @ \& - \-
fact event skill preference background el )
maintenance asynchronous / periodic / event-driven
persistent reusable memory items Y
\ /
v
N\ fo: o N Ve B\
Q Query Derivation @ (3) Read R Retrieved Memories R, Memory-augmented
retrieve relevant memories | ( Context
= (¢, 7¢) — > my || Mp Megin 1 >
% — | supports the next
derive retrieval query L query ] L match J { retrieve J ﬁ @ f? ; response / action
from current context A ' g )
\_ 5/ online memory retrieval relevant memory subset
\ \ ¥, 27



Write-Manage-Read Formalization

* Input: At interaction step (t), the agentic memory system observes x; = (¢, 7¢).

* ¢;: the user-agent conversation.

» 7, denote the agent’s execution trajectory.

 Memory Store: The memory system maintains a memory store M; = {mi}?ztl.

* m;: the reusable unit information extracted from conversations or trajectories.

7@ N
=L Input Traces x;=(c; ;)
observations & interactions —_— > Writ
@ N
w Conversation c,
user query < agent response /—— \
S J \ /
7 N
0 : : Memory Store M,
o. , Execution Trajectory 7,
/ @
(e} reasoning / tool calls / feedback my m, mgy s
\ Y i
B L || e
two complementary interaction traces fact event skill preference
s l J wt reusable memory Evs’/
A
|
Li\*: L- n — ‘
- | ‘\ p J
=) J vV
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Write-Manage-Read Formalization

» Write: Given the current memory store M;, the conversation c;, and the trajectory z;, the write
operation produces an updated intermediate memory store:

* @P: the update operator

» W: the extraction operator
=

z
EBC‘) Input Traces x, =(c,, ;)

(i 2\

AS

Conversation ¢,

user query <> agent response
e

7

(O}
o/
/@

¢}
NS

—
Execution Trajectory 7,

reasoning / tool calls / feedback

i

\

At= W(Mt, xt),

g
% @) Write W

extract useful information
from current traces

B

online memory writing

Mt-"- — Mt @At

-
Candidate Updates A,

(

EaE
‘new

) [ B
task
outcom

& >

A

two complementary interaction traces

fact

=X
@
[
preferenc
e update

newly generated

memory candidates

S\

eJ

P iy
it

R
/

Memory Store M,
M, = {m}i,

my

Ei

fact

m,

.Il

event

my

P

skill

my

\

preference

persistent reusable memory items

\ /

Ny S WA e R

.......................

retrieve relevant memories

GgiE T T

Updated Store M

cEE=—
M Ui M t @ At
N R
my m; m3
&
fact event skill
\o- J =4
'3 B\ (@ 2\
mg mg Mz
()
-
task preference
fact outcome update
A J

persistent reusable memory items

wding newly added)

@ Manage

maintain memory quality
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Write-Manage-Read Formalization

 Manage: As an independent process, the manage operation maintains the memory store through
a family of operators. At a maintenance event (s), one or more operators are applied to the store:

MG+ — gS(M(S))
* g: the memory maintenance operators.

e B
@ (2) Manage g
( ) ongoing maintenance of the memory store
____________ .’ .
Memory Store M, update J L conflict } ( forgetting 1
detection ’
ml mz 1""3 cee \
f’ @ = assaeas EompressionJ consolidation [ reflection
fact event skill preference background
malfitenance asynchronous / periodic / event-driven

ersistent reusable memory items
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Write-Manage-Read Formalization

* Read: Let g; = ¢(ct, 7)) denote the memory query derived from the current conversation and
trajectory context. The read operation retrieves a set of related memory items R, from the

memory store: R; = R(Mq, q;).

o N
EE) Input Traces x, =(c,,t,)
3 B

a Conversation c,
user query < agent response
g e
(i 2
o, ,@ Execution Trajectory 7,
’ \O
O reasoning / tool calls / feedback
S Y/
two complementary interaction traces
NG 1 J
(i 2\
Query Derivation
q: = ¢(ct, Tt)
derive a retrieval query
from current context
A\ o

S

e

Memory Store M,

my m; mg
Yt
fact event skill

\ 4

preference

\

persistent reusable memory items

‘_—____/

v

(

&

@ (3) Read R

retrieve relevant memories

s ole =

online memory retrieval

~

—ijz

-4

Retrieved Memories R,

Myace \‘ Mekin
| »

relevant memory subset

—>

p

g

Memory-augmented

Context

supports the next
response / action

B

e
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 Memory bridges past interaction traces and future agent behavior.

« Conversation and trajectories are transformed into persistent memories and reused through memory-
augmented context.

- The memory store is a persistent and evolving state.

 Memories are continuously constructed, revised, organized, abstracted, compressed, or removed
over time.

 Memory use is selective and context-dependent.

» Read retrieves a relevant subset of the store and integrates it into the context for subsequent
reasoning or action.

 The memory workflow can be unified as Write-Manage-Read.

» The formalization provides a common abstraction for describing different agentic memory systems.
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Memory Categorization

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage
» Text-Level Storage
* Model-Level Storage

* Index Layer

dExisting Memory Systems
Evaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer

Text-Level Storage Model-Level
Storage

S=x % glee K

Graph Hierarchical )i Files  Vector Buffer ; ©000)
3 ST R (0000
|:| Structured D Semi-Structured - Unstructured) Latent State

Database Key Value

Index

Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup

33



Short-term Memory

* Short-term memory = buffer

 Holds information relevant to the ongoing user-agent interaction.
* Includes dialogue context, progression of active tasks, reasoning steps, tool calls and others.

« Serves as a temporary workspace, supporting the generation of coherent and contextually
appropriate responses.

« Continuously updated as the interaction evolves.

continuously updated

User
Uilerincetll 2 /o i e e e :

. / Short-term Memory Buffer B,

v

f |
. \ ; :
. — 5 I
|Q| Agent ! Dialogue | | 7 ActiveTask | ! =
Response ) : ! Context v:i=—  State : |
- _ongoing ] [ - . |
% : interaction E i—} | ‘ m
I ' Current |
Tool ! . [ | Context | 2" | Response
[ﬁ Observation E Reasoning é{ﬂ Tool E ol ex) generation Ve
: ) : Steps Calls |
1 1 |
v N evict( >y
- overwrite S p
?O ReGsaiing®ill @ R SO Do e SO D S OO OO Se S
{ Step

temporary session-scoped rapidly refreshed 34



Long-Term Memory

* Long-term memory = persistent table
 Stores user preferences, task experiences, factual knowledge, and reusable procedures.

 Provides persistent knowledge that can be retrieved to support future queries, enabling cross-
session reasoning, knowledge accumulation, and personalized adaptation.

» Requires proper management to keep stored knowledge accurate, organized and up-to-date.

[ Past Sessions J

~ < > Future Query q; .,
Session t-2 retrieve
extract ———
& LTS Long-Term Memory Store M P e—— @ S
/ '
@ Personal Preferences
sessionyt extract [t Memory-Augmented
& write Task Experiences L Context
. = | p —|E
33’0 Factual Knowledge
"
Session t extract S : A
& write ‘ O Reusable Procedures \GEL. [CIgSSSaESalongeasonng: )
/ \k @ knowledge accumulatlon /}
J BN
/ O . . \
i I | 2 personalized adaptation )
N

{ Index ] ‘ Memory ]
Management
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Long-Term Memory

- Episodic Memory:
» Records concrete interaction episodes and execution trajectories.

« Supports the retrieval of past outcomes to inform current decision making.

« Semantic Memory:
* Encodes abstracted knowledge, facts, and generalized concepts.

 Provides a durable repository of world knowledge and domain-specific concepts.

« Episodic Memory « Semantic Memory
'7'12026-06-20 User asked about agentic
C)_ q g
10:15 AM  memory taxonomy ~ supports —> g personalization
o | @
A ' —112026-06-21 Agent retrieved survey v — o
( L) 02:40 PM  papers Agentic —~ supports —> ¢y = task continuity
Memory
'7112026-06-22 User requested four
O | .
11:05AM  memory diagrams O- uses —> O\ retrieval
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Long-Term Memory

* Procedural Memory:
 Stores reusable task procedures, behavioral patterns, and action policies.

« Enables the agent to perform tasks efficiently and replicate learned behaviors.

* Personal Memory:
» Retains user-specific information, such as preferences and habits.

* Provides a basis for long-term personalization, supporting user-aware reasoning.

* Procedural Memory * Personal Memory
Q Retrieval O User Profile
| () user@example.com
;l ’ —O Rerank @} Preferred language: Chinese
v — - ]

é Writing Style: academic

)= Compress

Context @ . - . pp—
Construction | ormat preference: concise for
=l @ Construct @ Research topic: agentic memory ;
- 7



From Short-Term Context to Long-Term Memory

« Different memory types correspond to different extraction methods.

» Episodic Memory:

1. Organize conversations into daily interaction records.

« 2. Summarize each day into key events by prompting LLM.
* Personal Memory:

* 1. Analyze daily conversations for user-specific signals using LLM.
« 2. Aggregate daily insights into a global user portrait.

MemoryBank
s N
Past Conversations | [ Event Summary A
Conversations on date 04-28: ‘ Book and gifts recommendation

Experience of visiting parks
Improving drawing skills

L J

" User Portrait
@ open-minded, curious,

Conversations on date 04-29:

J

and receptive to advice

. J

_ Memory Storage )
Wanjun Zhong, Lianghong Guo, Qiqi Gao, et al. MemoryBank: Enhancing Large Language Models with Long-Term Memory. AAAI 2024. 38
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From Short-Term Context to Long-Term Memory

« Different memory types correspond to different extraction methods.

« Semantic Memory:
* 1. Filter out low-value content in episodic memory.
« 2. Extract high-value long-term knowledge using tailored prompts.
3. Maintain source links to recover the original episode when needed.

Caroline’s Melanie's - o - —_~ LoCoMo Dataset:
Theme career. painting journey. 1Theme <~ 4 _ _?\\/ =~~~ 650 themes

ﬁ ~—— ﬁ Multiple Semantic P AT
, :

/-| /|\‘

. |

, _ _ / \
Semantics Carolmg attended a Melanie sgnt Caroline a Each Semantic /_, L L o. 1 o =
counselling workshop. hand-painted bowl. Exactly1 Theme _—_ © 909 -~~~ 2900 semantics
Sl S Gy RN

and-p:
N A IR R
. './I\ .I

|
Episode Melanie believing Caroline would 1 Episode o j,;_/—‘; ;L
make an excellent counsellor...... Multiple Semantic _ -~ © P ¢
G
i Fo
Original Yeah, I painted last year!... 1Message Block 1=~ — ==
messages You'd be a great counsellor!... 1 E;_isode - ° _°_ -

Thank you! Is this your own painting?...

Zhanghao Hu, Qinglin Zhu, Hanqi Yan, Yulan He, Lin Gui: Beyond RAG for Agent Memory: Retrieval by Decoupling and Aggregation. CoRR 2026. 39



From Short-Term Context to Long-Term Memory

« Different memory types correspond to different extraction methods.

* Procedural Memory:
» 1. Generate executable programs for concrete tasks.
« 2. lteratively refine programs using runtime feedback and execution errors.

« 3. Store the verified programs as reusable skKills.

Automatic Curriculum Iterative Prompting Mechanism Skill Library

ake Crafting Table \ elz:a;t bot.equip(sword, “hand®);} Craft Stone Sword

async function combatZombie(bot) {
// Equip a weapon Mine Wood Log
~ const sword = bot.inventory.findInventoryItem(
N mcData.itemsByName["stone_sword"].id); Make Crafting Table
\ if (sword) {
M
22

L Tl X 1

New await craftStoneSword(bot);} .-cca----. f Skill Make Furnace
Combat Task // Craft and equip a shield Retrieval
) await craftShield(bot);  ‘eeecececcecean-.. -« Craft Shield
Zombie o
I Cook Steak
Mine Wood Log Combat Zombie
Env Feedback Code as Refine Program
Execution Errors

Actions 0 I

Mine Diamond Update
Exploration
Progress

Environment Self-Verification
Guanzhi Wang, et al. Voyager: An Open-Ended Embodied Agent with Large Language Models. Trans. Mach. Learn. Res. 2024. 40



Core Techniques of Episodic Memory

* Temporal ordering: The system needs to record the temporal sequence of events.

* Provenance tracking: Each memory should be traceable to its original source.

- Episode boundary detection: The system must determine which interactions belong to the same

episode and which should be separated into distinct task trajectories.

» Experience reuse: The agent should retrieve relevant episodes when facing a similar situation.

Interaction Trace

___________________________

,_( O T1 1002 © 10:02
&
L User Query: ‘Debug SQL join’

' @ T2 10:03 © 1003
Agent Action: ‘Inspect schema’

o Jg T3 10:04 © 10:04
Tool Call: ‘Run query’

° @ T4 10:05 © 1005
Observation: ‘Column not found’

o @ T5 10:06 ®© 10:06
Outcome: ‘Fixed query’
-------- Episode Boundary --------

v
[ @ Unrelated later task O 11:15 ‘

_..| Temporal
ordering

*...| Episode
boundary
detection

Episodic Memory Card
~

Episode ID:  E-1024
(© time: [ 10:02-10:06 )
E Context  SQLdebugging
E?EI Actions: inspect -> run -> revise
@ Outcome:  success
@ Provenance:

user tool  execution
message  log output

user query + tool output

New Similar Situation

[Q SQL join fails again ]

retrieve similar episode

Q’_ Reuse past outcome:
=l check schema and join keys

2

.
;
Provenance
tracking

:
'
Experience
reuse
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\

|
Dr.Chen = from | Tsinghua said that = MemO

Raw Memory Item

Interaction-derived text

extracts  user preferences from conversations.

He will compare it with MemoryBank ' next month. ,

—

Resolved References

refers_to
He _— Dr. Chen

refers_to
it ——— MemO

Entity extraction and
reference resolution

Core Techniques of Semantic Memory

» Entity extraction and reference resolution: Identify all salient entities in a memory item and
resolve contextual mentions to the correct entities.

» Entity resolution: Align newly extracted entities with existing canonical entities in memory.

 Knowledge abstraction: Generalize concrete interaction-derived information into reusable

Semantic Processing Pipeline

o Entity Extraction &
Reference Resolution

Extracted entities:

Dr. Chen Tsinghua Mem0O MemoryBank

Resolved references:

He | = Dr.Chen ; it — Mem0
N
6 Entity Resolution
MemO —>  ENT-003
MemoryBank —>  ENT-004
Tsinghua Univ. / Tsinghua —>  ENT-002

avoid duplicate or wrong merge

)

e Knowledge Abstraction

concrete statement —>  reusable semantic facts

source time scope

-.h Entity Registry

semantic knowledge, while preserving the appropriate level of specificity and scope.

Canonical Semantic Memory Store

@ Atomic Textual Facts

FI:  MemO extracts user preferences from conversations.

source time scope

F2:  Dr. Chen plans to compare MemO with MemoryBank next month.

source time scope

Mention Canonical Entity ID

. Dr. Chen . Dr. Chen ENT-001
Tsinghua 7 Tsinghua University ‘ ENT-002
. Mem0 - MemO 7‘ ENT-003
MemoryBank MemoryBank ‘ ENT-004

Entity resolution

A Relation View

extracts
Mem0O User Pref
from -
MemO _— Conversations

plans_to_compare

Dr. Chen —_—— MemoryBank

one possible structured view

@ Semantic memory may be represented as text facts,

entity tables, triples, or graph views.

Knowledge abstraction




Core Techniques of Procedural Memory

* Procedure abstraction: The system needs to extract generalizable procedures from concrete

execution trajectories.

* Version management: The system must track which version is currently valid and when older
versions should be deprecated or restored.

» Applicability conditions: Each procedure should specify when it is applicable, what preconditions

must hold, and under what circumstances it should not be used.

2

Concrete Execution Trajectory

One successful task instance

ot |

Reusable Procedure Template

@ 1  Parse user request

v

Trigger:

| similar task request

{C:)} 2 Identify task goal

v

Inputs:

‘ {goal}, {context}, {constraints}

ﬁ 3  Select tools

Steps:

plan -> act -> verify -> respond

v

Tools:

| selected by task type

@ 4  Execute actions

Output:

Expected |

task-specific result

@ 5 Produce final output

Fallback:

ask / retry / switch tool

S

Procedure Versioning

v1.0
Basic
workflow Vi

deprecated

( Applicability )
ﬂm Applicability Conditions conditions

Use when:

|\

[ Do not use
| when:

~
Version
management

restore if needed

similar goal, valid tools,
required inputs available

missing constraints,
unsafe action, incompatible tool




Core Techniques of Personal Memory

» Access Control: The system must determine which personal memories can be accessed by which
users, agents, or applications.

« Removable and editable: Users should be able to inspect, modify, or delete their memories.

* Privacy-preserving personalization: Detect sensitive personal memories and apply appropriate
handling strategies before using them for personalization.

N i & = %
User A Personal Vault Access Control Gate D Sensitive Memory Handling
R e Ses S e SRR T e SR
i Preference: concise
i ﬁ % low O
i academic style g Q E
= —— s QO owner? © —
L ] Habit: l i ] SR Detect sensitive Mask / abstract / Personalized
i 6 a lt.. prgpares medium ' memory filter response
1L ) tutorial slides i @ consent? @
| 17 = N H
i @ Private constraint: " high ’
H sensitive '9 ' -@- task scope? @ Sensitive memory (example) After processing Output (example)
] / — e et e |
T e e N T ), s | ‘“private health | | “scheduling ‘ i “personalized but
N & sensitivity? @ | constraint” | constraint” \ non-revealing answer”
{ J H
User B Personal Vault - / 2
(mmmesmmoooooosooieeieiieoieseoo = £ . )
i * Preference: detailed ; ' $
i | examples ) || Privacy-preserving personalization
E 8 D Private note: = e E Aprivate | B private Shared
I LB sensitive 4 ; (User A) (User B) (Team) = g i ] )
P ' . x_J Deletion / Edit Propagation
> < Baswit v ful X no @ full —
ch% Shared Team Memory | (User A) : ; User Control Panel 3 l l ’ l’ l
. 5 Agent B . g Raw Summary Embedding Shared
[  Project topic low (User B) X no v full @ full || & edit 3N rnasnory o N
fs | | p—— o5)
B Shared deadline low Shared App @ % E] H4 Cc(_?
= - O limited @ delete
— (Team) =
E] Public notes low T | [—— S| s @ ® @ ®
B
1
! '
i
(o = i L e\
£ Private vs. shared memory spaces Access Control L Removable and editable
J - J J




 Memory Categorization is not merely a cognitive taxonomy. It determines what to store, how to
support future agent behavior and how to extract it.

» Short-Term Memory vs. Long-Term Memory:
« Short-term memory stores transient context.

» Long-term Memory stores durable, reusable knowledge distilled from context.

* Long-Term Memory Types:

Functional Roles Storage Contents Core Techniques

i i : Temporal ordering, provenance tracking,
Episodic Memory Experience recall Past events episode boundary detection, experience reuse
Semantic Memo Factual reasonin Entities, facts & relations Sty SAUEBLE B [EREIONES [EEUion.

Yy 9 ’ entity resolution, knowledge abstraction
: : : Procedure abstraction, version management,
Procedural Memory Skill reuse Reusable actions & skills applicability conditions
Personal Memo Personalization User preferences & profiles AEEESS ERIE!, FTONEINS el Seliclol)
ry P P privacy-preserving personalization

» Long-Term Memory formation is type-dependent. Different memory types require different extraction,

abstraction aggregation, and refinement processes.
45



Memory Management

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage
» Text-Level Storage
* Model-Level Storage

* Index Layer

dExisting Memory Systems
Evaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer

Text-Level Storage Model-Level
Storage

S=x % glee K

Graph Hierarchical )i Files  Vector Buffer ; ©000)
3 ST R (0000
|:| Structured D Semi-Structured - Unstructured) Latent State

Database Key Value

Index

Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Operator: Extraction

» Goal: Extraction transforms raw
interaction traces into reusable
memory candidates.

* Problem:

* |[dentify what is worth remembering.

» Determine the appropriate extraction
granularity and context scope.

* Methods:
« Raw Trace Logging
« Semantic Summary

« Structured Extraction

T4

Raw Interaction Trace

Conversation + Trajectory

o ., . 3
& What's the Q3 budget?

é Let me check.

’ get_budget(Q3)

@ Revenue: $1.25M
Expense: $0.98M

Generate
comparison report

S Raw Trace Logging —
= Preserve
1 User Q3 budget?
2 Agent Let me check.
3 Tool get_budget(Q3)
: Revenue $1.25M;
4 Observation Expense $0.98M
. 5 Kotbn gset:)n()erl;ate comparison
a@lro®| (L =
\“ |“ E "l III (
«YvYY Semantic Summary
il Summarize
s
- Summary
Q3 budget status was reviewed.
< Revenue: $1.25M; Expense: $0.98M.
Extraction

A comparison report was generated.

Structure

Q3 Budget

has_revenue

has_expense

63) Structured Extraction

$1.25M

b $0.98M

summarized_in

Comparison Report

P

7
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Extraction: Raw Trace Logging

* Raw Trace Logging: This approach directly records
conversations, tool calls, observations, or workspace
traces as persistent memory logs.

» Motivation: Preserve complete interaction history
without lossy preprocessing.

» Challenge: Define appropriate trace boundaries and
granularity while preserving complete interaction
context.

Memory Stream

2023-02-13 22:48:20:
2023-02-13 22:48:20:
2023-02-13 22:48:10:
2023-02-13 22:48:10:
2023-02-13 22:48:10:
2023-02-13 22:33:30:
2023-02-13 22:33:30:
2023-02-13 22:33:10:
2023-02-13 22:18:10:
2023-02-13 22:18:10:
2023-02-13 21:49:00:
2023-02-13 21:48:50:

kitchen

2023-02-13 21:48:50:
2023-02-13 21:48:50:
2023-02-13 21:48:10:
2023-02-13 21:48:10:
2023-02-13 21:19:10:
2023-02-13 21:18:10:
2023-02-13 21:18:10:
2023-02-13 21:03:40:
2023-02-13 21:03:30:
2023-02-13 21:03:30:

on it

desk is idle

bed is idle

closet is idle

refrigerator is idle

Isabella Rodriguez is stretching
shelf is idle

desk is neat and organized

Isabella Rodriguez is writing in her journal
desk is idle

Isabella Rodriguez is taking a break
bed is idle

Isabella Rodriguez is cleaning up the

refrigerator is idle

bed is being used

shelf is idle

Isabella Rodriguez is watching a movie
shelf is organized and tidy

desk is idle

Isabella Rodriguez is reading a book
bed is idle

refrigerator is idle

desk is in use with a laptop and some papers

Park J S, O'Brien J, Cai C J, et al. Generative Agents: Interactive Simulacra of Human Behavior. UIST 2023. 48



Extraction: Semantic Summary

« Semantic Summary: Compress raw dialogue traces into compact natural-language memory

entries for subsequent storage, update, and retrieval.
* Motivation: Raw interaction traces contain substantial noise and redundancy, increasing storage and

retrieval costs while obscuring task-relevant information.
» Challenge: Generate a faithful summary at the appropriate granularity without discarding potentially

update memories

A

Yy

fetch summary & past messages

Summary
Generator
fetch similar memories

Update Phase

useful information.

Extraction Phase
\ 4
Top ‘s’ similar
memories

Summary

Messages

O s o—
Last m messages
o

LLM
New extracted
memories

Prateek Chhikara, et al. MemO: Building Production-Ready Al Agents with Scalable Long-Term Memory. ECAI 2025




Extraction: Semantic Summary

« Semantic Summary: Compress raw dialogue traces into compact natural-language memory

entries for subsequent storage, update, and retrieval.
1. Maintain an asynchronous global summary.

« 2. Combine the last m messages.
« 3. Extract salient natural-language memories.
Database

fetch summary & past messages

Summary
Generator
fetch similar memories

Update Phase

update memories

A

Yy

Extraction Phase
\4
Top ‘s’ similar
memories

Summary

Messages

O s o—
Last m messages
o

LLM
New extracted
memories

Prateek Chhikara, et al. MemO: Building Production-Ready Al Agents with Scalable Long-Term Memory. ECAI 2025



Extraction: Structured Extraction

« Structured Extraction: Map raw interaction traces into schema-conformant memory records,
enabling validation, symbolic storage, and structured retrieval.

* Motivation: NL-form summaries offer limited control over what to extract and at what granularity,
limiting consistent organization and precise retrieval.

» Challenge: Design an expressive yet generalizable schema and reliably map diverse information into

predeﬁned fields. Extraction Phase Update Phase

LLM LLM

triplets

Relations Generator Conflict Detector Update Resolver

Messages

O e

2

Search existing
nodes

Entity Extractor

e e
. ‘ Update graph
‘e o |-
o & o

&
Graph Memories % memO

Prateek Chhikara, et al. MemO: Building Production-Ready Al Agents with Scalable Long-Term Memory. ECAI 2025. 51



Operator: Update

» Goal: Update applies state-changing
operations to the memory store, such
as insertion, revision, merging,
invalidation, or deletion, to maintain a
coherent and up-to-date memory state.

» Core Challenge: Decide how to
transform the current memory store
when triggered.

* Methods:

« Append-Only Update
* Rule-Driven Update
« LLM-Based Update

« RL-Based Update

New Memory

Meeting moved
to Friday

=

+

Meeting on Thu 10am

Prefers aisle seat

Lives in Seattle

N

|

@ Current Store

b,

Update

-
uO
-

2

e ™

xS N\ N\
B Append-Only Update Rule-Driven Update
— Append @ @ Rules
o o N .

Meeting on Meeting on
Thu 10a.m Thu 10a‘m p———
Prefers aisle Prefers aisle Thul0am \
seat - seat -~ ~
Lives in Lives in —}
Seattle Seattle ™ %) / REVISE
+ _——— Meeting moved
Meeting moved to Friday
Meeting moved to Friday

to Friday

N SN ¥

( R )
@g; LLM-Based Update RL-Based Update

Reason Learn
Prefers window
sat [ é} [ Revise |
>
| (om) | || gt 03 plimh{
-’ LLM Pol (Action) Reward
¢ olicy
Prefers window \/
seat
. I NG J
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Update: Append-Only Update

« Append-Only Update: Append each extracted memory as an independent record without modifying
existing memory.

« Motivation: Destructive updates may overwrite historical evidence and obscure how information
evolves over time.

« Challenge: Identify the valid current state from coexisting and potentially conflicting memory records.

7 N ' N ( ) & N a N
—> -2 U —>| | = | + 3%: —
D +
Current Context Extract Deduplicate Entity
Interaction Lookup Memories & Embed Linking
N P N 7 \ S NS e % S
A
I
Lookup : Append New Record
— |
; : Persistent Storage v v
‘ 7= N 7 ) ( )
& Memory Records @ \Vector Index & Entity Store
v* Facts + Metadata a Embeddings s Entities + Relations
= gE C )
p— = Unchanged [ ® J
2 C )
[ o ] New
[ Memory [ [ ] ]
|
N 7 s 7 N .

https://mem0.ai/blog/memO-the-token-efficient-memory-algorithm 53



Update: Rule-Driven Update

* Rule-Driven Update: Transform the memory store
according to predefined rules to determine update.

Deterministic Paradigm BeliefMem(Ours)
. . Session 1: g Please search recent papers.
. n
Motivation: | @ attempt 1 =) Fapix B F [ TIMEOUT ] t=1.2s ]
« Blindly appending new memories accumulates redundant, [ D atempt2 W) 7api x W) B [TIMEOUT] t=24s ]
oy - - Datempts mh Fapix W) = t=5.1s
outdated, or conflicting records, increasing storage and [ e = Inference]
retri eval Overh ead ) S] Memory (Store a conclusion) S| Memory (Belief over candidate conclusions)
API X failed API X failed G 0.50
. . .. . . Sl trsteimias Di ded imiti [ 5
« Storing only a single deterministic conclusion collapses the | oo P A Py
uncertainty in partial and noisy observations, discarding | : . Sesslons 24 lapse.. . ]
Session 5 Session 5
plausible alternatives and causing errors to reinforce over 2 S:afz'_‘ Papers about auto-research ‘ 33‘:’“_‘" pavers about auto-research.
eading memory —» eeing belief —
time. @ ( Boid APLY ]#0 No alterative attempted | [@ =) [f”AIZIV;(e\;vgg after n?i.t?nsQ ) ]
Inference <L Inference
. @ Memory After Session 5 Remain Unchanged @ Memory After Session 5 Bayesian Update
 Challenge: Define robust that accurately assess | aeixies . AP X faled = 0.10 4
AP X rate-limiting nrnown API X rate limitng M, 0.80 4
Network-issue Unknown ] Network issue (| 0.10 ¢

the relationship between new and existing
memories and select the appropriate update action.

Liao J, Wang Q, Zhu J, et al. Belief Memory: Agent Memory Under Partial Observability. arXiv 2026. 54



Update: Rule-Driven Update

* Rule-Driven Update: Transform the memory store according to predefined rules to determine update.

1. Construct an attribute from stable semantic slots and maintain multiple candidate conclusions.

« 2. Insert a new entry when an attribute is not existed, initializing its confidence with [0.7,0.9].

» 3. When new evidence supports an existing candidate, attach the evidence and update its confidence
through Noisy-OR, capped at 0.99.

* 4. Preserve competing candidates, reducing contradicted ones to 0.25 while archiving prior scores.

1. Belief-aware Memory Update

~

3. Action / Next Step

f I
| I
, Add (New Attribute) (— Extract Supported ) ! '
I - ™ : I | Observation o !
] Init Candidates In|t1Probab|I|tes Ifc' ¢ C, Hypotheses for Attribute € I t+1 D @ I
I k D . on(e) = {he s )| # !
S [H_I_I_ sub 0) JOo)yeymyoymy Je
Y o BT Al (o= o oD o D o] |
! ! I <
| e ) € [Pominy Pmas] Vifcec < n A :
1 ) Evidence Strength I |
: v for Each h € #H,,;,(c) :: Execute a; :
' N A h) €01
: Belief Memory Bank M, = (c, pfc)) :c € C} ~ 241, i 0.4} / :: - A = :
- I Policy I
: @) Ea.ch Att”bUte(CC) ( Merge (Existing Attribute) T @ I
=] | G| M) per candidate noisy-OR Update £ '
| v —-> ‘ 1 P1 Probabilti (c) ! ag ~ (- Ot, rt) :
| robabilties | ¢ o _ 1-(1-p©®m) Iy I
| &= A h P2 Py (h) = min Iy (All alternatives I
I @ i P3 (1= 4(0¢41,h)),0.99 Il | accessible with belief) | !
| € \ J ) 5 9, I: . J :

Liao J, Wang Q, Zhu J, et al. Belief Memory: Agent Memory Under Partial Observability. arXiv 2026.
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Update: LLM-Based Update

 LLM-Based Update: Retrieve relevant memories and prompt an LLM to select or generate operations.

« Motivation: Fixed heuristics are brittle and task-specific, whereas LLMs can flexibly interpret
contextual memory relations and select update actions across diverse cases.

« Challenge:

» Cost Efficiency: Minimize LLM evaluations. » Decision Reliability: Prevent erroneous update actions.

(parallel across N turns)

(parallel across |S| summaries) (parallel across |C| clusters)

Q Summarization\m \/—\ Clustering /\ Decision \Q

D, Si Retrie% U Ci A

A € {add, delete, update, no-op}

R;

Chunliang Chen, Ming Guan, Xiao Lin, et al. TeleMem: Building Long-Term and Multimodal Memory for Agentic Al. CoRR 2026. 56



Update: LLM-Based Update

 LLM-Based Update: Retrieve relevant memories and prompt an LLM to select or generate operations.
1. Organize semantically related items into temporally clusters.
2. Assign ADD, UPDATE, DELETE, or NO-OP actions to update each cluster.

3. Re-embed refined nodes and locally rebuild affect graph connections.

(parallel across N turns)

(parallel across |S| summaries) (parallel across |C| clusters)

Q Summarization\m \/—\ Clustering /\ Decision \Q

D, Si Retrie% U Ci A

A € {add, delete, update, no-op}

R;

Chunliang Chen, Ming Guan, Xiao Lin, et al. TeleMem: Building Long-Term and Multimodal Memory for Agentic Al. CoRR 2026. 57



Update: RL-Based Update

 RL-Based Update: Finetune a memory-management policy to select better memory mutations.

* Motivation: Prompt-driven LLM updaters lack task-grounded learning signals, leading to sub-optimal
decisions. RL enables adaptive update policies to be learned directly from task outcomes.

« Challenge:
« Reward Design: Construct informative signals that reflect the utility of memory updates.

» Credit Assignment: Attributed delayed downstream outcomes to the responsible update decisions.

Stage 1: Memory Construction

ADD

UPDATE Memory bank
constructed
DELETE

. L — Retrieve Memory e Generation with Memory Answer
7 Al Distillation

Questions

gg—»[ Info Extraction J—b[ Search Memory Bank

Dialogues

Stage 2: Memory-Guided Answer Generation

Sikuan Yan, et al. Memory-R1: Enhancing Large Language Model Agents to Manage and Utilize Memories via Reinforcement Learning. ACL 2026. 58



Update: RL-Based Update

 RL-Based Update: Finetune a memory-management policy to select better memory mutations.
* 1. Model the Memory Manager as a policy mg. (0,m’) ~ mg (‘| x, Myyq)
 x: extracted information * 0: operation
« M,,,: retrieved memories < m': updated content
« 2. Define memory update actions: ADD / UPDATE / DELETE / NOOP.

3. Use downstream QA Correctness as reward. Ragnswer = EM (yp‘red;ygold)

Multi-session dialogues Vanilla LLM as backbone RL-finetuned LLM as backbone

~
Current Memory Bank: Andrew adopted a new dog Current Memory Bank: Andrew adopted a new dog
from a shelter and named him Buddy. from a shelter and named him Buddy.

~
Hi Audrey! | recently adopted a pup
from a shelter. | named him Buddy.

Y

In-context Memory Manager Memory Manager

That's perfect, Andrew!

Another day, new session

1

1

1
| can't help myself but to adopt
another dog. His name is Scout.

That's great news!

DELETE: Andrew adopted a
new dog from a shelter and
named him Buddy. )

~
ADD: Andrew adopted a new
dog and named the pup Scout. )

{ UPDATE: Andrew adopted 2

dogs named Buddy and Scout.

=:
&

Retrieved: <Memory 1> ... <Memory 60>
Question: How many dogs have Andrew adopted?

Retrieved: <Memory 1> ... <Memory 60>
Question: How many dogs have Andrew adopted?

LLM generate response

{Ed { Answer: 1 dog
4

(Misinterprets the different dog names as a conflict and
overwrites the original memory)

Answer Agent with Memory Distillation

%é Useful memories for
M answering the question:
|m, <Memory 1> Answer: 2 dogs

(Interprets the second dog's name as an addition and
updates the memory to reflect both adoptions)

Sikuan Yan, et al. Memory-R1: Enhancing Large Language Model Agents to Manage and Utilize Memories via Reinforcement Learning. ACL 2026. 59



Update: RL-Based Update

 RL-Based Update: Finetune a memory-management policy to select better memory mutations.
4. Finetune the Memory Manager with PPO / GRPO .

. : 1 i
J(8) = E [min (pgA, clip(pg,1 —¢,1+ €)A)] JO) =E| =Y p$) A — B[ || mred]
=1

_ me(0,m']x,Mo1q) .
¢ o1a( 0, mllxr Moia)

the importance ratio .
 1;: reward for each candidate i - pé‘): per-action importance ratio

» A: the advantage estimated from the reward
__ ri-mean(r), ]
e € CIipping threshold e A; = W standard group-relatlve advantage

Multi-session dialogues Vanilla LLM as backbone RL-finetuned LLM as backbone
N\ )
Hi Audrey! | recently adopted a pup Current Memory Bank: Andrew adopted a new dog Current Memory Bank: Andrew adopted a new dog
from a shelter. | named him Buddy. from a shelter and named him Buddy. from a shelter and named him Buddy.
B Y
In-context Memory Manager ° Memory Manager >
That's perfect, Andrew! DELETE: Andrew adopted a 9 : ’
new dog from a shelter and s UPDATE: Andrew adopted 2
named him Buddy. Ny dogs named Buddy and Scout.
oS y

1
1
~
E ADD: Andrew adopted a new
dog and named the pup Scout. )

Another day, new session

1
i Retrieved: <Memory 1> ... <Memory 60> Retrieved: <Memory 1> ... <Memory 60>
| Question: How many dogs have Andrew adopted? Question: How many dogs have Andrew adopted?

I can't help myself but to adopt LLM generate response Q Answer Agent with Memory Distillation
another dog. His name is Scout. Q
%é Useful memories for
Answer: 1 dog H answering the question:
()

<Memory 1> Answer: 2 dogs

That's great news!

(Misinterprets the different dog names as a conflict and (Interprets the second dog's name as an addition and
overwrites the original memory) updates the memory to reflect both adoptions)

Sikuan Yan, et al. Memory-R1: Enhancing Large Language Model Agents to Manage and Utilize Memories via Reinforcement Learning. ACL 2026. g0



Operator: Conflict Detection

- )
 Goal: Automatically identify contradictions Rule-Based Detection
or inconsistencies among memory items. \ input Pai Mechanism Judgment
Memory ltems TR
« Core Challenge: Detect genuine memory | e Samee E
conflicts accurately and efficiently, while || &t e e ) _>
avoiding false conflicts caused by - Detection et | | o
temporal evolution, contextual conditions, or |- o <> . o
entity ambiguity. it O\ i LLM-Based Detection 1
* Methods: [« The serdinks ) : g A i e
- Rule-Based LL — st | @?
 LLM-Based S LLM _>
e o e
. P

61



Conflict Detection: Rule-Based

* Rule-Based Detection: Identify inconsistent memories by enforcing predefined schemas.

» Motivation: Explicit schemas and structural constraints enable deterministic, efficient, and interpretable
conflict detection without semantic reasoning.

« Challenge: Design sufficiently expressive rules to detect genuine conflicts.

users
=4 ‘@' 3 Gy
@
ChatDB
LLM Controller Memory
Write i
Symbolic:
U « ChatGPT, GPT4 | insert, update, delete Database
ot  LLaMA Non-Svmbolic: Output
Input on-Symbolic:

. ChatGLM Read History content and
its vector embedding
Memory tokens /
memory matrices

select, query, retrieve

Chenxu Hu, et al. ChatDB: Augmenting LLMs with Databases as Their Symbolic Memory. arXiv 2023. 62



Conflict Detection: LLM-Based

« LLM-Based Detection: Use prompted semantic reasoning to identify contradictions among memories.

« Motivation: LLM can detect nuanced semantic conflicts beyond the coverage of predefined rules.

« Challenge: Detect conflicts reliably while minimizing LLM comparisons.

Database

fetch summary & past messages update memories

A

>
Summary
Generator o )
fetch similar memories

Extraction Phase Update Phase

Messages

O D

Top ‘s’ similar
memories

Summary

g—b

Last m messages

LLM

New extracted
memories

New memories

# mem0

Prateek Chhikara, et al. MemO: Building Production-Ready Al Agents with Scalable Long-Term Memory. ECAI 2025. 63



Conflict Detection: LLM-Based

« LLM-Based Detection: Use prompted semantic reasoning to identify contradictions among memories.
* 1. Retrieve top-k nearest historical memories by embedding similarity.

2. Prompt the LLM to classify semantic relations between memory item pairs.

Database

fetch summary & past messages o P update memories
>
Summary
Generator
fetch similar memories
Extraction Phase Update Phase

Messages

O D

Top ‘s’ similar
memories

Summary

g—b

Last m messages

New memories

# mem0

LLM

New extracted
memories

Prateek Chhikara, et al. MemO: Building Production-Ready Al Agents with Scalable Long-Term Memory. ECAI 2025. 64



Operator: Retrieval

» Goal: Select query-relevant
memories from the memory
store and assemble them into a
memory-augmented context for
downstream response
generation.

» Core Challenge: Retrieve truly
useful memories while filtering
noisy memories from bloating
the context.

* Methods:

» Text-Based Retrieval
 Structure-Based Retrieval
 Post-Retrieval Processing

Retrieval

™

Text-Based Retrieval
Sparse Hybrid

/’
-7 (]
W
~ =
S @m0 =

Dense

0000

i

~

Structure-Based Retrieval

graph path
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Candidates

==
=
=i
=)

"
Post-Retrieval
Processing
Re-ranking
— ==
— =
— ==

Filtering

Compression

—

EERIE

Selected
Memories
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Retrieval: Text-Based Retrieval

» Text-Based Retrieval
* Dense Retrieval: Encoding queries and memory items into dense vectors and ranking them by similarity.

« Sparse Retrieval: Using lexical matching signals such as keywords, BM25 scores, or inverted indexes.

« Hybrid Retrieval: Combines dense semantic retrieval and sparse lexical retrieval.

\
[ Dense Retrieval
1\\ Dense Rank
MQRTIAZ ol |- - \
= il I8 51 " i
[CT T ‘\ | > | Hybrid Retrieval
\® | o/ ( ",
3 ] Dense Rank Top-K Memories

v Hybrid Rank
Quer a
‘ . ) ||a
() = o
@—»l
o

7 N Sparse Rank
Sparse Retrieval

Nt
( Yl ) Sparse Rank
e B4 L)
g
5 5

\ N

J 1

aee
~
N
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Retrieval: Structure-Based Retrieval

« Structure-Based Retrieval: Use memory structures as retrieval indices to select evidence.

* Motivation: NL-based retrieval treats memories as independent text units, returning redundant or
fragmented evidence while overlooking hierarchical, relational, entity, and temporal dependencies.

« Challenge: Construct a faithful memory structure that retrieves relevant evidence at the appropriate

path and granularity without introducing excessive overhead.

Memory Structure Management
Caroline’s
Theme career.

- Memory Split
Sl ~75 o -7 loCoMo Dataset: |
painting journey. d Theme el _R_R- ~ 650 themes | ———

- ® -
Multiple Semantic EE R I _- _/ - P T‘g—fl!/"/
ﬁ PR TEET | KN Too crowded!  ~ . )
: n ; gk g ey R O
Semaritics Carolmg attended a Melanie se.nt Caroline a ] Each Semaitic il BL -\—-l)— — ad : L oe® " _~
counselling workshop. hand-painted bowl. Exactly 1 Theme =~ _ S 2.2 9.7 2 -~ ~ 2900 semantics I P O e L
Y A oMy | New Node || yew Relation!
! 1.7 Iy ;!
Episode Melanie believing Caroline would 1 Episode ParaEs I_’ _‘4\._11.’_ —= | Memory Merge Guidance objective
make an excellent counsellor...... Multiple Semantic _ — “o° ‘o () i ~ 750 episodes | e ———r
: ] ] | ~"° ?/? = pr- ’_l_\,//
ﬁ | - 7_ T I Too Sparse! “
Original Yeah, I painted last year!... . J 1 Message Block : L—L 1= Fk —I ‘; = :;r
messages You'd be a great counsellor!... | 1 Episod | > :b_ _o__ : > Zzl_o_ o >
Thank you! Is this your own painting?... | I New Node New Relation!

Memory Retrieval (=

KNN Graph Episode (Optional) Original Message
Q: Would Caroline | Theme l\ - .
&i painting ~ g, - S

as a career? ~ |/
-

~, .
¢ e S ey
0 :

3 g —> N

o~

: Episode
’ 0\ | N
X
Refused: Early Stopping Final Context
Stage II: Uncertainty Inclusion

Stage I: Representation Selection

Hu Z, Zhu Q, Zhao R, et al. Beyond RAG for agent memory: Retrieval by decoupling and aggregation[J]. arXiv 2026.

@ A: she wants to
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Retrieval: Structure-Based Retrieval

« Structure-Based Retrieval: Use memory structures as retrieval indices to select evidence.
* 1. Retrieve query-relevant memory groups.
« 2. Jointly optimize relevance and structural coverage to select diverse evidence.
* 3. Uncertainty-guided evidence expansion.

4. Budget-aware context construction.

Memory Structure Management

: | Memory Split
Caroline’s Melanie's " o /o_ —_;‘ ~ 7.7 LoCoMo Dataset: | s
Theme Career painting ourne ) 1 Theme 278 __R-7  ~esothemes | T o e -
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=
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it \ Lt foxl L
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— —I— ) T R
TR A | New Node New Relation!
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: Ay | . . o
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Memory Retrieval (ST
ry Eplsode (Optional) Original Message
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: \ Eplsode

Stage I: Representation Selection Rejused: tarlyStopping .
Stage II: Uncertainty Inclusion

Hu Z, Zhu Q, Zhao R, et al. Beyond RAG for agent memory: Retrieval by decoupling and aggregation[J]. arXiv 2026. 68
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Retrieval: Post-Retrieval Processing

» Post-Retrieval Processing: Refine retrieved memories through reranking, compression, and et al.

« Motivation: Further refine memories to improve their relevance, information density, and alignment with
downstream context requirements.

(- )
Post-retrieval Processing - B
@ Query — e 1 - Memory-Augmented *j’
& 0 e 0 e
Y [lal | B &
% S —| ... concise, relevant snippet ...
Retrieved Relevance Filterin e Re-rankin e Deduplication i Temporal Filterin -‘l e e dte ik
Candidate Memories g g P P A
N remove weakl.y prioritize the rrTOSt eliminat.e . favor.recent or‘ : Memory B
7 3 related memories useful memories redundant items time-valid memories | a concise, relevant snippet
N = | :
[ q \ g ) ) : t = 2024-05-07 + score =0.86
N Memory #1 — |
wtextsnippet.. | | | e e e ccan e n e e oo oo oo oo - - - - - - - ) Memory C
t'= 202_4-05-10 t S X . - > - — E:—ﬁ ... concise, relevant snippet ...
ScoreiiC. 78 e G ‘ 0 0 t = 2024-05-04 « score = 0.82
‘ 518 \ e
| = | I T T T B B B \
Memory #k = . 3 e~ : : Concise + Relevant « Non-redundant |
o g Conflict Resolution Diversification Compre.?suop / ’_’ Context Packing <\/ ) WithiiBudiet {
... text snippet ... ‘ Summarization fit high-utili 7 € '
\ t = 2023-11-02 suppress reduce topical A it '8 "ft' ity Al L B ) v,
score = 0.42 inconsistent memories redundancy | condenfe jetiievad nemofiesiinfoithe
| \ evidence context budget
b Al o R G - > © Goal: maximize context utility
o P for downstream generation
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Operator: Forgetting

* Goal: Remove low-value memories,
keeping memory store accurate,
compact and up-to-date.

. : - 4 N 4 R
» Core Cha"enge- Decide which @ Trigger Conditions @ Utility-Based Deletion Policy
memories should be forgotten and M | R i
. ——— Capaci'fy Retention Tempora 2 2
when the operator should be invoked. |2 = || s aesoned | I s
=% . -
| 3 = || g |- = —
« Trigger Conditions: 5= = T ——— Usase\ B=]0] [B=
_ _ B = || ----&-im || [B = s | [ Triggered @—' @T ®) Bi=
« Capacity constraint B— S IR @ e oy | ==
- Retention threshold B= A (CE — / B2 O @ osens
| SSEI——— N )
. . . \ ) J Validity
- Utility-Based Deletion Policy: e
o A 8 )
* Temporal
» Usage

 Importance

« Validity
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Forgetting: Capacity Constraint

« Capacity Constraint: maintain a bounded memory footprint once the active context or memory store
exceeds a predefined storage budget.

1. Trigger LLM to move important information into working context or archival memory at the warning threshold.
« 2. Remove a fixed portion of the earliest messages when the context reaches the flush threshold.

3. Preserve evicted content through recursive summarization.
LILM Finite Context Window (e.g. 8k tokens)

A
4 A\
Prompt Tokens Completion Tokens
Pettt———————————Siiiiiiiii——— N ———— I
: ° 1 1 1
d System Instructions FIFO Queue —1| QOutput Buffer |}
| | 1 1
Read-Only (static) Read-Write Read-Write
MemGPT System Prompt Write via Functions Write via Queue Manager

T 1

Archival Storage Function Executor H Queue Manager Recall Storage

Read via Functions Read via Functions
Write via Functions Write via Queue Manager

Packer, Charles, et al. "MemGPT: towards LLMs as operating systems." arXiv (2023). 71



Forgetting: Retention Threshold

Experience Acquisition Experience Reuse

= . . = ior Tasks ~ - —» (&% ents ‘ : ndexin sk Guiary Vs
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Selective Addition H_s“"{__“’c_,%_» W

Y [Score ]
g ©°9) LLM As | Score
Validation Evaluator — > Validation

« Challenge: Accurately estimate evolving —1

Deduplication 30‘}05 Similarity-based Filtering

memory value from limited and noisy L | e 15—~
evidence to avoid premature forgetting. i DL L L — g ——
task query  generalized query  experience content . Experience Record i Utility-based Deletion
1 freq += 1 ) | freq >= 0 &&
X query keywords  when touse  score  tool used ! if task success: utility += 1 I utility / freq < @

Zouying Cao, Jiaji Deng, Li Yu, et al.Remember Me, Refine Me: A Dynamic Procedural Memory Framework for Experience-Driven Agent Evolution. ACL (Findings) 2026. 72



Forgetting: Utility-Based Deletion Policy

« Utility-Based Deletion Policy: Estimate the utility of each memory item using signals such as recency,
access frequency, importance, and validity, and removes low-value items.

« Motivation: Not all memories are equally valuable; forgetting should preferentially remove items with

low expected utility.

« Challenge: Estimate future memory utility reliably from dynamic and incomplete usage signals.

MemoryBank

) 4
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Wanjun Zhong, Lianghong Guo, Qiqi Gao, et al. MemoryBank: Enhancing Large Language Models with Long-Term Memory. AAAI 2024.
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Forgetting: Utility-Based Deletion Policy

« Utility-Based Deletion Policy: Estimate the utility of each memory item using signals such as recency,
access frequency, importance, and validity, and removes low-value items.

1. Express the Ebbinghaus forgetting curve using an exponential decay model: R =¢ s
« 2. When a memory item is recalled, increase S by 1 and reset t to O.

MemoryBank

t

* R: the fraction of the information can be retained.

« t: the time elapsed since learning the information.

+ S: the memory strength.

~N

Past Conversations

Conversations on date 04-28:
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Wanjun Zhong, Lianghong Guo, Qiqi Gao, et al. MemoryBank: Enhancing Large Language Models with Long-Term Memory. AAAI 2024.
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Operator: Consolidation

» Goal: Organize existing memory items

by establishing meaningful relationships - P —
among them and merging redundant or
highly overlapping items into canonical — ~
tati BdstingMemosylitesns | @20 . 0 [ EE_—__J "
represen ations. @ = . : r Consolidation x e e o )
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. . . Project
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Consolidation: Similarity-Indexed

« Similarity-Indexed Consolidation: Maintain similarity-based neighborhoods or groups without explicit

relation semantics.
* 1. Retrieve top-k nearest historical memories by embedding similarity.

» 2. Generate links via LLM-based relation analysis.

3. Evolve neighboring memories.

Link Generation Memory Evolution Memory Retrieval
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Wujiang Xu, Zujie Liang, Kai Mei, Hang Gao, Juntao Tan, Yongfeng Zhang: A-MEM: Agentic Memory for LLM Agents. NeurlPS 2025



Consolidation: Typed Relational

« Typed Relational Consolidation: Maintain explicitly defined entity, temporal, causal, semantic, or
provenance relations.

* Motivation:
 Similarity-based links indicate relatedness but cannot express how memories are connected.

» Typed entity, temporal, and causal relations enable precise, interpretable, and relation-aware retrieval.

« Challenge: Define an expressive yet manageable relation schema and reliably infer the correct relation.
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Jiang D, Li Y, Li G, et al. MAGMA: A Multi-Graph based Agentic Memory Architecture for Al Agents. ACL 2026. 77



Consolidation: Typed Relational

« Typed Relational Consolidation: Maintain explicitly defined entity, temporal, causal, semantic, or
provenance relations.

1. Attach each new event to the temporal backbone.
2. Create semantic links between embedding-similar events above a similarity threshold.
« 3. Connect events to shared entity nodes.

* 4. Asynchronously use an LLM over the local 2-hop neighborhood to infer and add latent causal and entity links.
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Jiang D, Li Y, Li G, et al. MAGMA: A Multi-Graph based Agentic Memory Architecture for Al Agents. ACL 2026. 78




Consolidation: Hierarchical Consolidation

 Hierarchical Consolidation: Organize memories through parent-child or membership structures.

» Motivation: Flat collections of fine-grained memories hinder efficient navigation and provide limited
support for retrieving information at different levels of abstraction.

« Challenge: Construct and maintain a coherent hierarchy that places memories under appropriate
abstractions and supporting reliable coarse-to-fine retrieval.

Alireza Rezazadeh, et al. From Isolated Conversations to Hierarchical Schemas: Dynamic Tree Memory Representation for LLMs. ICLR 2025. 79



Consolidation: Hierarchical Consolidation

 Hierarchical Consolidation: Organize memories through parent-child or membership structures.
* 1. Route the most similar child if the similarity above the threshold. 6(d) = 6,e*¢

2. Create a new leaf if no child is similar enough. * 0y base threshold

» 3. Expand leaf nodes when similar new information arrives. * d: the node’s depth

» 4. Refresh ancestor summaries along the insertion path. « A: control the rate of increase with depth
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Operator: Compression

» Goal: Reduce memory storage
overhead by condensing individual
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Compression: Single-ltem Compression

 Single-ltem Compression: Compress an individual memory item by summarizing, pruning, or rewriting

its content while preserving its essential semantics.

1. Score each token with a lightweight compression model or entropy-based compressor.

2. Select high-retention tokens according to a predefined compression ratio.

* Motivation: Individual memory items may contain verbose, redundant, or task-irrelevant details,
reducing information density and increasing storage and retrieval costs.
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Compression: Multi-ltem Compression

7

(A) Conventional Agent Memory
M bounded | |
* Multi-ltem Compression: Compress a set of ,emo_ry o ?un ° [ ” \
redundant or highly overlapping memory items ( J[ ]

* Motivation: Redundant or overlapping memories
repeatedly encode the same information, inflating
storage and retrieval costs while fragmenting

p
related evidence across multiple items. (B) With MemRefine
Memory stays bounded

- Challenge: Identify which memories canbe |, ~—----------------
safely merged and construct a faithful canonical

[ |
| |
| |
. . . I | Non-graph
into fewer canonical representations. . — @ | :> _____________________
| |
: :
| |
| |
| I

r 2o T
Long conversations

_________________ Graph

e R

[ |

| |

| |

| |

. . . o Non-graph

representation without collapsing distinct contexts, | | © @ = ween

I I .
temporal states, or conflicting details. ! | do_.oo‘f D_',‘cfg Cﬁj

. Long conversations | Granh

_________________ rap
\. J
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Compression: Multi-ltem Compression

* Multi-ltem Compression: Compress a set of redundant or highly overlapping memory items into fewer
canonical representations.

« 1. Embed all memory items and iteratively select the most similar unresolved pair.

« 2. Classify each pair as redundant, complementary, or distinct.

3. Generate a canonical merged memory.

MemRefine Pipeline Overview

Candidate Pair Selection

| |
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. G Similar Pair
Graph
Agent Memory
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schools.
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one concise memory that
preserves all distinct
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o

Q Preserve

A: Jon's dance crew won a local competition last year.

B: Jon is preparing for another competition next month.

Judge: Preserve — past achievement -

and future plan are distinct.
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FKim M, Baek J, Jeong S, et al. MemRefine: LLM-Guided Compression for Long-Term Agent Memory. arXiv 2026.
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Operator: Reflection
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Reflection: Declarative Knowledge Abstraction

» Declarative Knowledge Abstraction: Synthesize multiple memories into higher-level beliefs, patterns,

relationships, or persistent states.

* Motivation: Individual memories provide fragmented evidence, but persistent beliefs, patterns, and

relationships emerge only through cross-memory synthesis..

« Challenge: Aggregate consistent evidence into faithful and generalizable knowledge.

Plan

Generative Agent Memory

|
|
|
I
|
[ Perceive J—H Memory Stream Retrieve J—> Retrieved Memories |—:—>[ Act J
|

Reflect

Park J S, O'Brien J, Cai C J, et al. Generative agents: Interactive simulacra of human behavior. UIST2023. 86



Reflection: Declarative Knowledge Abstraction

» Declarative Knowledge Abstraction: Synthesize multiple memories into higher-level beliefs, patterns,
relationships, or persistent states.
« 1. Start reflection when the cumulative importance of recent memories exceeds a threshold.
» 2. Prompt the LLM with the 100 most recent memory records to identify three questions.
» 3. Use each question to collect relevant observations and existing reflections.
» 4. Prompt the LLM to generate five high-level insights with explicit references to supporting memories.

Plan

Generative Agent Memory

| |
| |
| |
| I
| |
[ Perceive J—:—> Memory Stream Retrieve J—> Retrieved Memories |—:—>[ Act J
| |

Reflect

Park J S, O'Brien J, Cai C J, et al. Generative agents: Interactive simulacra of human behavior. UIST2023. 87



Reflection: Procedural Knowledge Abstraction

* Procedural Knowledge Abstraction: Distill multiple task experiences into reusable strategies,
workflows, rules, or skills.

» Motivation: Individual task experiences remain context-specific, while cross-experience abstraction
can transform repeated successes and failures into reusable strategies, workflows, and skills.

« Challenge: Identify the truly effective action patterns and generalize them across tasks.
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Zhao A, Huang D, Xu Q, et al. Expel: LIm agents are experiential learners. AAAI 2024. 88



Reflection: Procedural Knowledge Abstraction

* Procedural Knowledge Abstraction: Distill multiple task experiences into reusable strategies,
workflows, rules, or skills.

« 1. Pair failed and successful trajectories of the same task, and group successes from different tasks.
« 2. ldentify failure causes, corrective strategies, and recurring best practices using LLM.
« 3. Use ADD, EDIT, UPVOTE, and DOWNVOTE to lteratively refine the insight set.

* 4. Remove insights whose importance count fails to zero.
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Operators

Extraction

Update

Conflict
Detection

Retrieval

Memory Operators Overview

Raw trace logging

Representative Systems

Openclaw, ClaudeCode, MemoryBank, MemGPT, Generative Agents, Zep

Semantic Summary

MemO, MemoryBank, MemGPT, LightMem, A-Mem

Structured Extraction

ChatDB, Zep, MemQg

Append-Only Update

MemO v3

Rule-Driven Update

BeliefMem, A-MAC

LLM-Based Update

MemO, ChatDB, Zep, A-Mem, MemGPT

RL-Based Update

Memory-R1, MemLLM, AgeMem, AtomMem

Rule-Based Detection

ChatDB, CDRs

LLM-Based Detection

MemO, MemOg, Zep, MemGPT, A-Mem

Text-Based Retrieval

MemO v3, MemTree

Structure-Based Retrieval

Zep, Magma, xMemory

Post-Retrieval Processing

MemO v3, Zep
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Operators

Memory Operators Overview

Capacity Constraint Trigger

Representative Systems

MemGPT, Learning What to Remember, MemoryOS, Mirix

Forgetting

Retention Threshold Trigger

ReMe, FadeMem, EvolveR, MemoryBank

Utility-Based Deletion Policy

MemoryBank, MemoryOS, TraceRetain, Learning What to Remember, ReMe, FadeMem

Similarity-Indexed Consolidation

A-Mem, MemO

Consolidation

Typed Relational Consolidation

MemOg, Magma, Zep

Hierarchical Consolidation

MemTree, xMemory, Zep, MemoryBank

Single-item Compression

SeCom, LightMem, ACON, MemAgent, MemGPT

Compression

Multi-item Compression

MemRefine, SimpleMem, Infini Memory, RecMem

Declarative Knowledge Abstraction

Generative Agents, HeLa-Mem, MemoryBank

Reflection

Procedural Knowledge Abstraction

ExpelL, AWM, ReasoningBank
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Background of Safety Management

 Persistent Information Accumulation: Agentic memory continuously accumulates rich user information
across sessions, turning transient interactions into a concentrated and highly sensitive data asset.

» Cross-principal Memory Sharing: Shared memory improves knowledge reuse and multi-agent
collaboration, but introduces complex ownership, trust, and permission boundaries.

« Behavior-shaping Memory: Retrieved memories directly influence model reasoning and actions,
allowing incorrect or malicious content to cause persistent and cross-agent behavioral effects.
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Threat Landscape of Agentic Memory

» Confidentiality: Extract, expose, or
exfiltrate sensitive memories beyond
authorized users or agents.

* Integrity: Poison or tamper with
stored memories to manipulate future
reasoning and actions.

 Availability: Flood, suppress, or
manipulate the memory store so that
legitimate memories cannot be
retained or retrieved.

 Governance: Break authorization,
provenance, auditing, revocation, or
rollback mechanisms, making
security violations difficult to prevent,
trace, or recover from.
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From Memory Threats to Safety Management

| @ Safety Management

- Safety management governs who can access LQ O (Q:sem Age;i% r(_??a @ 1
memory and what sensitive information can be T T ; T
stored, processed, and disclosed. [ - ? ]
Access Control Who can access?
» Access Control: Regulates which users or o I I
agents can read, write, modify, or share each Agentic Memory
memory under specific conditions. [ :_—J (@ } [ } F} ] (@ }
* Privacy Protection: Reduces the exposure of o
rivacy rFrotection What can be exposed?
sensitive information throughout memory { [ = [e} i J Y }
storage, retrieval, and use. g1 ocnen S

[ @ Model / Tools ){: ]
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Access Control

« Motivation: Shared memory enables cross-user knowledge reuse and multi-agent collaboration, but
breaks the assumption that all memories belong to a single trusted principal.

» Goal: Enforce fine-grained, asymmetric, and dynamically changing permissions without preventing
legitimate memory sharing and reuse.
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Rezazadeh A, Li Z, Lou A, et al. Collaborative memory: Multi-user memory sharing in llm agents with dynamic access control. arXiv 2025. 95



Privacy Protection

» Motivation: Agentic memory accumulates sensitive personal information that may remain exposed
throughout storage, retrieval, sharing, and downstream use.

« Goal: Minimize sensitive information exposure while preserving the semantic utility required for memory

retrieval, reasoning, and personalization.
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Reasonmg Workflow thes'%ro f'y

€ Design Goals Achieved )
e > Non-sensitive signals retained
eLiglrl\:Z - User-authorized data retained

> Personalization remains effective )

placeholder — original values

Chen'Y, Zhao J, Tang B, et al. Memprivacy: Privacy-preserving personalized memory management for edge-cloud agents. arXiv 2026.

Hacker can only access placeholders for PL4&PL3

<Health_Info 1>
<Recovery Code 1>

Typed placeholders | |

1 — Cloud / Potentially Exposed Side — ————— Trusted Local Side ———

Stage 3. Downlink Restoration

Cloud Response

OK, hereiis a concise draft: “Hello Doctor, my
blood pressure today was<Health Info 1>.
Please reply to user@workmail.com.” | will
not store the <Recovery Code 1>.

!

Local Placeholder Restoration

H-Q+8-+3

Local Secure DB Placeholder Low
Mapping DB lookup replacement Latency
J
v Q

-

s
&—iths

OK, here is a concise draft:
“Hello Doctor, my blood

pressure today was 160/110.

Please reply to user@work

mail.com.” | will not store w »
the recovery code RC-7291. 4 Fluent

¥ personalized
Restored Personalized Output % privacy-safe
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Memory Storage

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage
» Text-Level Storage
* Model-Level Storage

* Index Layer

dExisting Memory Systems
Evaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer

Text-Level Storage Model-Level
Storage

S=x % glee K

Graph Hierarchical )i Files  Vector Buffer ; ©000)
3 ST R (0000
|:| Structured D Semi-Structured - Unstructured) Latent State

Database Key Value

Index

Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Memory Storage

Q Runtime Context Buffer: Prompt tokens, KV cache

—>
° Text-LeveI Storage f_u::::é::::;i::;::;f;:,:EE;J;EZ:::’;:::::::::::::::,::::l::fflz::::::::::::::::
» Unstructured Storage — V| e— S s e
i Structured Storage (_’ @ Unstructured _{_’EMum-Fl'eN/hermeS/'CIaUde/'SkI“hbra”es
- Semi-Structured Storage @ | P S
bt AR X ;V @ Object Store: S3, Glean, enterprise knowledge lakes

i M Ode I -Level Sto ra e E @ E 4 Table Store { Table Store — facts, triples, tool logs, workflow states, metadata rows g
Text-level | :
! ext-leve i . J e g

« Parameter Memory el | e
e Latent Memory

\ 4

L

Hierarchical Store — chunk trees, summary tiers, archival
memory levels

* Index Layer ,,
- Content-based Index ' Model Checkpoint Store — prtaine, fre-urd, et
Attribute-based Index B | ik {:
Structure-based Index Model-level |

Parameter Routing =2
Latent State

Late nt'State LOO ku p iiiii J\/_ Latent Tensor Store — hidden states, activations, latent

tokens, steering vectors

E:} Parameter Module Store — adapters, LoRA modules, patch
modules, parameter banks

:-, KV-Cache Store — key-value tensors by layer, head,
= and token position
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Storage class Subclass

Text-Level Storage

Runtime Context Buffer

Memory Representation Representative Systems

Active prompt/context memory, recent
dialogue, tool 1/0, working summaries,
internal state stored in prompt blocks

MemGPT (main context / working context), MEM1 (internal state), MemAgent (fixed-length
prompt memory), Context Folding (folded context), Think-in-Memory (thought records),
Memory-as-Action (editable prompt context), Reflexion (reflection buffer)

Long-form text documents, notes, transcripts,
summaries, markdown/html/plain-text docs,

MemGPT (archival storage), MemO (extracted fact documents), MemoryBank (summaries /
personality texts), ExpeL (experience documents), ReasoningBank (reasoning strategy

Single File reflection notes. reasoning cases. skill documents), GraphRAG (community summary reports), RAPTOR (summarized text nodes),
documents ’ 9 ’ SGMem (vector-indexed documents), Second-Me (user documents / profile summaries), Zep
Unstructured (community summaries), Claude Code( CLAUDE.md / topic .md), HtmIRAG (HTML)
Storage Organized file collections, skill libraries, . .
Multi-File dialogue archives, code artfacts, multimodal | (e C X ol obsorvations), Voyager kil brary) -
files, file blobs, object blobs 9 g 9s8). » Yoyag Y
Embedding-indexed memory chunks, MemO (vector-indexed memory), FAISS-based retrieval systems, Pinecone-backed memory
Vector Database semantic similarity retrieval, vector-indexed | stores, pgvector-based memory systems, SGMem (vector-indexed documents), HippoRAG
documents and facts (knowledge graph + vector retrieval)
Object Store Binary objects, archived data blobs S3-backed memory systems, Glean (enterprise knowledge), knowledge lake integrations
Structured Rows / columns for facts, metadata, states, | ) ,ing Q1 database tables), RET-LLM (triplet table), SimpleMem (memory unit rows /
Table tool logs, workflow records, SQL-managed RS ’ ’
Storage multi-view indexes)
memory rows
MemOS (MemCube records), LightMem (topic-indexed memory entries), Think-in-Memory
Keyed/fielded facts, user profiles, memory (hash-indexed thoughts), MemoryOS (persona / user trait slots), MemLoRA (JSON fact
KV / JSON slots, JSON-like records, document objects | store), Voyager (skill library), MemOg (vector-indexed memory records), A-MEM (note
with fields, typed payloads attributes), EverMemOS (structured MemCell tuples), MemoChat (JSON memo), MemoryOS
Semi- (dialogue page)
structured s . . Zep (temporal knowledge graph), MemOg (entity-relation graph), A-MEM (linked note graph),
Storage Graph STHES, CVETS, IEEE, RIS, (DLW AriGraph (episodic knowledge graph), GraphRAG (community graph), HippoRAG

edges, temporal links, triplet-like records

(knowledge graph), EMG-RAG (editable memory graph), SGMem (sentence graph)

Hierarchical / Tree

Trees, tiers, pages, clusters, summary
hierarchies, scene levels, parent-child links

RAPTOR (recursive summary tree), MemoryOS (STM/MTM/LPM hierarchy), EverMemQOS
(MemScene / MemCell hierarchy), H-Mem (semantic memory hierarchy), HiAgent (subgoal
memory chunks), MemoryBank (daily-to-global summary tiers)

)




Unstructured Storage

Unstructured storage preserves payloads without FROM LOCAL FILES TO SHARED OBJECT STORAGE

imposing a fixed schema. Y omaler
scope
e ° N A m ) O
¢ Markdown l Text Flles (;9} Build npm run build - npm test
L . D mﬁ e -
 Natural-language memory with lightweight { ﬁ { [ ﬁ R T Sr—
m a rku p CLAUDE.md MEMORY.md rules.md S S
. . \ Z |OJ Guardrails never edit generated files
* Local files for one user, project, or scoped = — v, i )
taSk single user / singlle project - KB-MB
.network / ’API traqsfer
« Object / Blob Storage : .
: . S .
« Raw documents and multimodal artifacts ., { =) po 1 ‘ Y l
» Shared payloads preserved with keys, - | s coiv | | i |
VerSIOHS, and pO“C'eS many users / organization - TB-PB bsr::s:r
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Markdown / Text Files

QRN vuLTFLE COLLECTION
CLAUDE.md .agent/

Build P un bl - ipm ss;::gplzy MEMORY.md rules/python.md skills/research/SKILL.md
Style isﬁiiﬁoi::em o L4 :iz\rlvzrres:fers congise ®  applies to src/**/*.py ®  when: literature review
Guardrails never modify ® AP tests require Redis o 'uff+ pytest before ° workflow: ;earch -
generated files commit verify — cite
Decisions use PostgreSQL for L] depfloymgnt lesson: ®  {ype hints for public APIs ° ;eferené:es loaded on
metadata verity region eman
_ J
always available as one document each file owns one topic / scope; contents load selectively
Storage Design Representative Systems Storage Trade-off
 Natural-language facts, rules,  Claude Code: CLAUDE.md, « Strength: readable, editable,
preferences, lessons auto-memory, rules versionable
* One stable file or topic- and * Hermes: SOUL.md, USER.md, « Limitation: capacity and
scope-specific files MEMORY.md consistency at scale

Files organize scope and responsibility; the memory payload remains free text.

Sources: Anthropic — Claude Code memory; Agent Skills Specification (agentskills.io/specification).
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Object / Blob Storage

Storage Design

, \
» Payload: PDFs, images, audio, web snapshots, logs
PDF Ny MG STORE

. . E
* Envelope: key, content type, version, ACL, retention

design.pdf
upload
key: corp/eng/042

J AUDIO > VIDEO application/pdf - 18 MB
Representative Systems )

© WEB = LOG v10 2026-06-30
* Amazon S3, Azure Blob, Google Cloud Storage = tokouputiog
» Uploaded knowledge-file repositories

Storage Trade-off

 Strength: scalable, durable, and multimodal —
* Limitation: parsing and governance overhead

INDEX / RETRIEVAL — SEPARATE DOWNSTREAM
LAYER

Sources: AWS S3 — Uploading objects / PutObject; Google Cloud Storage — Object uploads / Object Versioning.
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Structured Storage

(M| Stl"UCtU red storage turns Three relational storage patterns for agent memory

Same input text, but different table design, write operation, and retrieval logic.

memory into explicit keys, A Schemafist SaL rows
flelds, or SChemas SO agents fixed schema + PK/FK

P —
.. Rawtext WRITE —_— - user_id key value READ
can update, filter, and join R x

memories predictably.

F retrieves linked rows

id owner due
T02 uo1 Jul12

Table / Record Store B Triple fact memory

one fettaple et ncees
« Stored items are repeated facts, o
"Task due Jul 12" extract <s,r,o>

uo1 prefers sQL 1 q1?q3
triples, tool logs, workflow states, T

and metadata. Conmne ) (Comonine ) (Coomion )
* Their fields are Stable_entity, C Memory unit + metadata index

unit body + SQL filters + side indexes

memory_units

re I atl O n y tl m e y State y Val U e_SO e mem_id content_json entity topic | score
"Tooﬁg{ﬁ;r?gctj oK" r%‘g{;%";tg"rg; > {"pref""SQL"} Uo1 db high
rows or typed JSON make lookup we | comsitn | me | pm | me | _
M19 {"tool":"OK"} tool I low retrieves memory units

and update predictable. (it ) (ommes ) [ eus )

No work names shown: diagram encodes storage patterns only
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 Content & Fit

* Here, memory behaves like domain data: customers, fruits,

Structured Storage

Input Processing

Chain-of-Memory

Prompt
——— LLMs —Output

sales, and task states. Its fields are stable and often cross- , SEm Step; Stepy
. . . . User _, |LMs m EEE . e i
referenced, so tables make joins, counts, and updates explici  input 5 Summarize
INSERT/UPDATE/{
SELECT/DELETE
i Storage DeSign . Execution of SQL Statements
+ Schema-first: ChatDB builds task-specific tables such as Lommnn W

customers, fruits, sales, and sale_items.

H -

saloid customerid  sale_dat  tol_prica
1 20230102 96

2 220230102 60
3 2 20230103 54

» Text-to-memory: The LLM translates natural-language
records into SQL writes over those tables.

» Retrieval: Chain-of-Memory decomposes questions into
SELECT / JOIN / aggregate SQL steps, then summarizes

returned rows.

« Storage Trade-off

» Strength: Precise multi-step reasoning over structured

hases

Response Summary

X x ¥
saloftom_id saled  fritid  quantity_sold purchase_tem id purchase id frit id _ quantity_purchased purchase_id supplierid_ purchase._date total_cost
1 1 2 1 1 1 100 1 1 2023014

Symbolic Memory: Database

users
ChatDB
LLM Controller . Memory
Write Symbolic:
User » ChatGPT, GPT4 | insert, update, delete Database
- e Non-Symbolic:
Input on-Sy
+ ChatGLM Read History content and

memory; complex joins and updates are directly supported.
» Limitation: Schema is hard to evolve; SQL errors can
cascade; weak for ambiguous or unstructured memories.

its vector embedding
Memory tokens /
memory matrices

select, query, retrieve

2 20230101 240
3-01-01

120 |

Output
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Structured Storage

S @ . R
1 Bill Gates and Paul Allen Bill Gates and Paul Allen are the .
Tare the founders of J —_— founders of Microsoft. FIHE-tUHEd
Microsoft. >
e LLM Model
—_ [MEM_WRITE{Bill Gates>>founder>>Microsoft}] &
E [MEM_WRITE{Paul Allen>>founder>>Microsoft}] [
) :
S @ Ay
] _ J
{Bill Gates>>founder>>Microsoft} 4 )
{Paul Allen>>founder>>Microsoft} ? M
> M emory
H \ J g J
 Content & Fit

« These memories are atomic facts with subject—relation—object slots. A triple table fits because any slot can become the
query key, and the missing slot becomes the answer.

» Storage Design
» Text-to-memory: The fine-tuned LLM emits [MEM_WRITE{t1>>rel>>t2}] calls to extract one or more triples.
» Storage: Triples are saved in a three-column table, with vector representations for each term.
» Retrieval: The LLM emits [MEM_READ{q1>>q2>>q3}] with one or two slots filled to find matching triples.

» Storage Trade-off
« Strength: Clean factual representation with explicit read/write access.
- Limitation: Loses contextual nuance; mostly binary relations; temporal and episodic context are not directly modeled. 105



Structured Storage

Sliding

@ User Query
Wind Dense
indows Clusfenﬁ °
oo g Structured I i Unified ° T (
e ed Indexing E
il B G : ntry 4ret e 20 Intent Planner
m]malil= aont  fles¥e N
- , . Synthesized Output
- e - : Sy :
|r_ o ! 1! 1 Atom 2 o “Pc g OMeﬂ'\OI“y @
e = 5 - :
- e S e 4 (B
A A WA Y 9\ Ve 0 1L . Parallel ;
Semantic Memory A y L, S : £ Bebienl De;il';:lt::;la;ion
r=1 Noise Density Gating Units ’ '
1 Information Symbolic Lexical Semantic %
Layer Layer Layer

Semantic Structured Compression Online Semantic Synthesis Intent-Aware Retrieval Planning

 Content & Fit

 Dialogue is split into indexable event units, each carrying entities, topic, time, and salience. Tables let the same
memory be reached from different fields without duplicating the text.

« Storage Design

« Text-to-memory: LLM filters chitchat, resolves pronouns, normalizes relative time, and atomizes dialogue.
« Storage: Each unit stores content plus metadata; entity/topic/link tables keep the indexable views.
» Retrieval: Intent planner converts entity / topic / time / salience constraints into WHERE filters and JOINSs.

» Storage Trade-off

« Strength: Flexible dimension-specific retrieval over a shared memory base.

« Limitation: Fixed schemas and indexes may age poorly; index maintenance grows with memory size.
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§4.1.3 Semi-Structured Storage

O Methods in the same family may still store
very different things.

Semi-structured memory
° F I at Re (od o) rd Sto ra g e [ Raw dialogue/ text } ﬁ How itis stored (semi-structured) \ How it is retrieved J

« Some keep small JSON objects or table rows. e
1 . i b tags: travel, booking i H @ “ 10th. BWkdﬂgh”;
Others store dialogue logs as flat vectors in
databases. PSS

I
I
: % importance: 0.82 : @ mem_000127  Hotel near Louvre
1 Mi ¢ 0.88)
-
| User: | booked
| a flight to Paris

uuuuuu

i
| # id: mem_000123
! cen

un July 10th. \ o Q: What did the user
I | aris e m book for Paris?
 Graphs & Added Views e oo\ e g P
j ry: FR o 2025071 —®
p o > name: date: 2025-07-10 booked ) e

-=-=- stayed_at

- Some build online editable graphs with || R = *@";-;;;;6;---! A Egtf'%‘z'?%?;o
temporal or associative links. Others layer pre- G o
computed community summaries or static
activation propagation paths.

[ Profile / Summary (Top) | Q: Tell me about the user's
Lo i

ves art and history. @ | stay in Paris.
025-07-10.
)

@ Profile / Summary
l Traveled to Paris on 2025-07-10.
retrieve
£ ’ S | . Trip to Paris (Topic)
) “ Travel plan, flight, hotel...
ile

B Top: summary / profi
@ Mid: topics 4 | H \(L f)
eeeeeeeeeeeeee
Leaf: chunks
[ Itinerary (Leaf)

Museums, cafes.

» Layers and Trees
« Some layered stores partition memory into
temporal, activity, or task-state hierarchies.

Others build tree structures for routed search. 07



Semi-Structured (Flat Record Storage)

Prompt: Hello,LLM!

- Recent ### Bot: No. It belongs to Japan - ### User: Do you remember the term |
5@ Do you remember the term | asked you that related to Dialogue  asked you that related -

Memory Cube (MemCu be) | Chatting Stream MemocChat Inner Thinking
Metadata Header Memory Payload I need yOUI’ hEIp Hit How can | do for you toda\ﬁg @ Update structureq memo when too many turns received
"meta": { (CTTTTT T SR 2 \,.k In the field of quantum physics, what is superposition, topic summary dialogues
(CTTTTTTTTTTTTTY [l_féc-);c-lé_ }%%’: 0 Plaintext Content i MemScheduler :::;lﬁxi?:;;:ﬁ:ng il Lol & S Bot explains User: quantum -
P w qm ww ien I .
ayload": e": "explicit”, \ . Superposition - Bot: Superposition
: "created": "2025'04'10": @ﬁz E : efgrmat"' gtte);r;u P : * Context—Awa re MatChmg Superposition is the ability of a quantum system to Q User- basic theories
0 o @ -05-01" | . 0 0 . oritv- i exist in multiple states at the same time. Quantum i Bl
: "Iast_us"ed" : 2,025 05 0{ ! : : "content": "You are a helpful : P.norlty Based Loadmg entanglement is a phenomenon - quantum physics Bot help Bot: | can introduce some -+
1 "source": "session_3894", [ ' p P P i « Fine-Grained Access
' IR ' i assistant in climate policy."} | M Lif le Control T s
1 "model": "LLaMA3-8B", v| |$2z522222z2zzzzzzzzzzzizzzozzz + Memory Litecycle Contro |
T ", ! ( N N N . . . . : : ks what - - Wh
' usage": 78, ' : Activation State E Runtime Memory Injection Vk R R ‘ business etiquette . User asks what User: What are some
-\"priority": "mid", ; ' "payload": {"type": "activation" H b ' doing business in Japan? o — S — User: What if we live -
---------------------------- H : : / \ § \
/ ToTmmmmmes ‘#‘ ““““““ Wa Yl Y : "format"; "tensor"’ I Some business etiquette norms when doing 9 samed [oanes . Bot: W,e cal '”?age
1 Access Contro vﬂ : Il "injection Iayer"' 12 : Cal |able Operations business in Japan include showing respect to - ¥
gy il It " 0 s e,
! expires": "2025-06-01", > i "value™ "ﬁenso,«]'} i Q @ Search memo when any new user query received
| "access": ['user_483", "admin”], 1 \.__looo UYL ! + Attach External Prompt “ MUTIPLE TURNS - R ) _—
P Y . H 1 1 H vidence 1: {"topic": quantum physics, “summary": “Bot explains
\ 'tags": ["non-sensitive”], ; :’ Parameter Patch ] . |Erljhetc:; ACtlvaBtllonkBlaS & The business etiquette we just talked about Related | superposition is a phenomenon -, “dialogs”: “user: quantum - ### bot:
---------- it-s-t:)-rééé-ﬁr:)-ﬁ-lé = 1 "payload": {"type": "parametric”, | Y ar’\a/lm oc Versi belongs to Korea, right? Evidence | Superposition is the ability of -}
"format™: "Iora_patch“, b erge iviemory versions No. It belongs to Japan - g User: The business etiquette we just talked about belongs to Korea, right?
1
'
1
1

i '
i "embedding_fp": "[dim=128]", ]
0 " n,on " ! . .

| "storage_mode": "compressed",} "value": "[low-rank-delta]"} + Adjust Access Rights ' the phenomenon of quantum entanglement?

"""""""""""""""" N e e e e e e e e e . — . ———————— e o ——————
o Yes, the term is superposition. Q @ Generate response based on supporting materials
L
« Content & Fit

* Flat records fit memory that already stands alone: a fact card, topic register, summary, or trait vector. The
unit can be appended, edited, filtered, or embedded directly.

! "module”: "mlp.6.down_proj", + Evict Aged Memory

« Storage Design
« MemOS: Fine-grained JSON objects with metadata headers and typed payloads.
 MemoChat: Topic-segmented dialogue registers combining history and summaries.
« MemoryBank: Dialogue summaries and personality descriptors stored as text records plus dense vectors.

« Storage Trade-off
» Strength: Fine-grained records support precise filtering; vector records enable fast recall.

 Limitation: Edits may rewrite entire objects, while independent vectors often lose temporal/topic context.
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Semi-Structured (Layered Storage)

» Content & Fit
» Layered stores target memories with different lifespans: fresh turns, active tasks, summaries, and profiles.
Volatile detail stays near the agent; stable knowledge is compacted.

» Storage Design
 MemoryOS: Promotes threads across short-term buffers, mid-term threads, and long-term profiles via
FIFO/page compaction.
 EverMemOS: Maintains episodic logs, thematic summaries, and user profiles with aging and consolidation.
* HiAgent: Keeps active-task logs in detail and compresses completed tasks into summaries.

» Storage Trade-off
» Strength: Preserves local execution context while allowing old memory to be compacted.
« Limitation: Promotion and task segmentation can hide details or add clustering/maintenance cost. 109



Semi-Structured (Tree-Based Storage)

RAPTOR Tree Formation of one tree layer Contents of a node
6 7 8 ( 2\ \ Index #8
Root layer < 2. Summarization ¥ Y Y \ Child Nodes: 2, 3
AV by LLM
\ .
. 5 \ Text: summary of
& - p zflls 1 sl s 20 3 nodes2 and 3
~_~
- p__ V' L e/ | ———) | ——)
. S e — =
; . VAN . \’ \..‘:__\\ ______::_._:;,:Z-"" Text Embeddlng
Leaflayer 1+ 2 s <4 = 1. Clustering PN el :
1 2 3 4 5 5‘

e Content & Fit

« Tree storage fits chunk-and-summary memory. Leaves keep evidence; parents carry themes or labels,
letting retrieval start broad and drill down only when needed.

« Storage Design
« RAPTOR: Recursively clusters text segments and generates parent summaries to connect macro-themes
with micro-details.
« H-MEM: Routes memories through a predefined taxonomy tree (Domain — Category — Episode) with
positional indices.

« Storage Trade-off
« Strength: Efficient coarse-to-fine search across large memory sets.
« Limitation: RAPTOR requires rebuilding summaries after edits; H-MEM can hide memories when early
classification is wrong. 110



Semi-Structured (Editable Graphs)

Extraction Phase Update Phase

LLM LLM

triplets
P Conflict Detector Update Resolver

Messages Relations Generator

O s

9 Search existing
nodes
Entity Extractor
0
. . Update graph
o 9 e
o o e
- . o
* Content & Fit omenotes g memod

» Graphs fit memories whose value lies in connections: preferences tied to people, events ordered in time, notes
linked by association. Nodes keep items; edges keep dependencies.

» Storage Design
« MemO0g: Links preference facts to profile-centered entity nodes.
« A-MEM: Connects note nodes with dynamically weighted associative links.
« AriGraph: Maintains semantic fact edges and episodic chronological paths.
« EMG-RAG: Uses static category anchors above dynamic entity—relation instances.

» Storage Trade-off
« Strength: Clean relationship modeling and target-specific updates.
 Limitation: Entity alignment, graph maintenance, and traversal latency grow quickly; extraction errors can spread
across the graph. 111



Semi-Structured (Graph Views & Indices)

[ Source Documents J [ Global Answer J
text extraction query-focused
and chunking summarization \ \
Text Chunk C ity A Neocortex Parahippocampal Regions Hippocampus
ommuni nswers
[ ext Chunks Y LLM Retrieval Encoders KG + Personalized PageRank
domain-tailored query-focused Passages homas, ) N
. . . . researches,
summarization summarization Offline L Alzheimers)
[ Entities & Relationships ] [ Community Summaries ] Indexing i
Thomas) /
H . . v )
domain-tailored domain-tailored Open IE
summarization community summarization N\
detection .. : Stanford
[ Knowledge Graph ) ( Graph Communities J Online (Query) (S |
J L Retrieval -
NER /

 Content & Fit

» Graph views handle memory at several scales: messages/passages, entities, and community summaries.
Prebuilt links turn multi-hop reasoning into reusable indexes.

» Storage Design
« Zep: Message timelines — entity nodes — narrative summary nodes.
« GraphRAG: Entity—relation graph with pre-generated subgraph summaries linked to member nodes.
* HippoRAG: Episodic passage nodes linked to semantic entity nodes for associative multi-hop retrieval.

» Storage Trade-off
« Strength: Avoids repeated LLM reasoning by querying compiled summaries or index paths.
 Limitation: High offline indexing or online write amplification; failures in entity extraction/alignment harm retrieval.
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Semi-Structured (Design Comparison)

Storage family

Common design variants

Small typed records

How the variants differ

» Store each fact or event as a separate typed
record

Core trade-off

Flat Record Grouped conversation » Group related conversations into larger topic Fine-grained updates vs. richer
Storage records units context vs. faster similarity search
Vectorized summaries * Encode summaries and traits for similarity
search
* Move records across short-, medium-, and
Layered U= B0 [EPOIE long-term layers , Simple writes vs. preserved
Content-based layers » Separate events, themes, and user profiles I
Storage : ) context vs. consolidation cost
Task-progress layers » Keep active-task detail; compress completed
tasks
. e L « Build levels by clustering similar content and Flexible semantic grouping vs.
Trgtec;?aaseed AUt%T:;Z,?rIIIg db#i'étrg:i:lamhy summarizing parent nodes deterministic routing and
g y * Route records through predefined categories classification risk
* Rapid global summarization or
Three-layer graph * Messages — entities — narrative summaries single-pass multi-hop retrieval
Graoh Partitioned entity—relation » Entities / relations plus parent subgraph * High offline indexing latency or
Stor:ge graph summaries online write amplification
Two-layer passage—entity » Passages — semantic entities for multi-hop * Retrieval can fail when entity
graph connections extraction or alignment is

incomplete
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Model-Level Storage

Storage class Subclass Memory Representation Representative Systems

Full Model Parameter Memory internalized in full | MemOS (intrinsic parameters); ROME (weight edit); MEMIT (batch edit);
or edited model MEND (model edit); AlphaEdit (knowledge edit); WISE (editing memory);
Store . : :
weights/checkpoints Memory? (parameterized knowledge)
Parameter
Storage
Adapters, LORA modules, |[MemOS (LoRA modules); MemLoRA (LoRA memory); CoLoR (LoRA
Adapter / LoRA Store | patches, auxiliary routing); T-Patcher (patch memory); MLP-Memory (MLP patches); K-
parameter modules Adapter (adapter memory)
Attention key-value MemOS (activation memory); LONGMEM (cached memory); Memorizing
KV-Cache Store tensors, prefix caches, Transformers (external cache); FOT (memory attention); Memory? (KV
compressed KV blocks retrieval)
Latent
Storage
: L AutoCompressor (summary vectors); MemoryLLM (memory tokens);
Latent T St g'tiif?oifézs’Staecé':i/ﬁt'ons’ MemGen (latent tokens); M+ (latent memory); MemoRAG (latent retrieval);
atent fensor store vectors emb’eddin sg LM2 (matrix slots); Gist (gist tokens); LatentEvolve (latent evolution);
’ g CoMEM (multimodal embeddings); VisMem (visual memory)
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Full Model Parameter Store

» Storage Design
 Data: Full model weights + tokenizer/config

Full Model Parameter Store metadata — memory embedded in the serving model.

Store complete model parameters * Files: mOdel.SafetenSOFS /
as full model files or versions. pytorch_model*.bin - config.json (+ tokenizer files)
5 > Pretrained  Fine-tuned Edied Merged » Flow: Train/edit — export checkpoint — deploy as
Model Editing /‘[\/ (/Zg;\\ L//l—_l)\\ \/i_;\) SerVing model
P | e Y S o - Case - ROME: Treats MLPs as key—value memory;
et ; v v : v \ locates the mediating layer and applies a rank-one
S S Model / Weight Repository update, storing the edited checkpoint.
e k@b k@b g @ - Storage Trade-off
- f C | — C:e:po"'u";“es — Vemio:;‘"'saee"sm p + Strength: In-model knowledge updates — no
chdgont || \ retrieval index, low latency, and generalization
Typical Operations | beyond the edit prompt.
AN R e - Limitation: Poor for continual personal/session
e eding o iR e e sarTeabon ) memory — scaling edits is difficult, with interference
% # and weak rollback/auditability.
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Adapter / LORA Store

» Storage Design

- Data: Adapter / LoRA weight deltas + config & base-
model metadata — memory as plug-in parameters;
base model stays shared.

* Files: adapter _model.safetensors -

« adapter_config.json - PEFT-style folders

* Flow: Train adapters — save side-car modules —
attach or merge with the base model at runtime

» Case - K-Adapter: Frozen backbone (e.g., ROBERTa);
each knowledge type uses an independent adapter
(~42M), trained separately and inserted at selected
layers — saved as side-car checkpoints
(*/pytorch_model.bin) for runtime loading.

» Storage Trade-off
« Strength: Continual infusion with less forgetting —
adapters small, independent, combinable.
 Limitation: Hard to surgically update a single fact;
routing / managing many adapters grows complex.

Parameter Module Store

Store modular parameter memories
as plug-in carriers.

N

Adapters
oL E=
==
4
:
1

W
)
J Base Model

/ \

[ P ——

Patch
Modules

g ——————

| |

1 1
{ Auxiliary Models Parameter Banks J

88 SEEE
200
Typical Uses
@ © ¢ B
domain task knowledge capacity
adaptation : specialization injection . extension
o s

/

S

LoRA Memory

/Q\
o0
plug-in LoRA
module

N

4

/e

g

Adapter Bank

&

select adapter

from bank

~

)

116



KV-Cache Store

» Storage Design
« Data: Transformer states (attention K/V tensors) that
capture model context — only persisted, reusable KV

KV-Cache Store

J

Store attention key-value tensors counts as memory (not one-shot decode cache).
bk iy ok ot * Files: .pt/ .npy / .safetensors KV - memmap/shard dirs
i b S e N * Flow: Encode experience — persist KV blocks — reuse
) (2] (&) ~ [] cached KV without re-encoding
amies || . « Case - Memorizing Transformer: Stores past-token
S wremoacne e L [ [ | @ attention K/V in an external memory bank and retrieves
= them via approximate kNN for long-context attention —
B e Dt the asset is persisted KV tensors (.pt / .npy blocks), not
@ s = B 8 - @ temporary decode cache.
‘ (©) eficient continuation J - Storage Trade-off
« Strength: Near-lossless continuation of model state —
iioeies | (omim (B no re-encode of past tokens; natural for “diary / resume
5 thinking” style memory.
b 3  Limitation: Needs eviction/merge/quant to stay feasible;

weak structure/audit vs text; generic session KV # lasting
memory unless deliberately persisted & retrieved. 117



Latent Tensor Store

» Storage Design
» Data: Compressed representations (e.g., memory

tokens, summary vectors, embeddings) that capture

memory — abstract latents, not position-aligned KV.

Store hidden states, activations, and other latent

* Files: .pt/ .npy / .safetensors banks - embedding representations as tensor-based memory objects.
indexes - soft-prompt/gist token files

* Flow: Compress/project activations — store latent e DR EEE - | R
objects — inject/condition at inference. i

- Case - AutoCompressor: Compresses long context dif] acivaions () () () () -~ sl
into latent summary vectors (soft prompts/gist tokens), sl
reused via inference injection — stored assets are S BEERE - | | 32 e
latent tensors (.pt / .npy), not full KV caches or raw text. _ Voo

RO amEeE - | B -

N 7

» Storage Trade-off

 Strength: Cheaper and more abstract than full Rl DB EEE -
context/KV — compact injectables for conditioning and |
reca” WIthOUt m0d|fy|ng the base mOdel. 8 tensor memory objects

 Limitation: Suited for short-horizon/session continuity
rather than durable knowledge; latent representations
are less interpretable and harder to precisely edit. 118



* Full Model Parameter Store
« Complete model weights saved as a full checkpoint (e.g., model.safetensors, pytorch_model.bin)
« Suited for permanent knowledge updates that become part of the base model

- Adapter / LORA Store

* Lightweight adapter parameters attached to a frozen base model for incremental updates
* |[deal for modular domain-, user-, or task-specific knowledge with easy swapping and rollback

« KV-Cache Store

* Persistent attention key-value tensors across sessions instead of temporary decoding cache

« Suited for resuming a prior dialogue or task trajectory with high fidelity—when the agent must
continue “from where it left off” rather than re-encode history from text

e Latent Tensor Store

« Compact latent representations, such as memory tokens, summary vectors, or steering vectors

* |[deal for compact long-term memory without storing full conversations or exact token states
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Index Layer

An index layer defines how stored memory objects are located.

Storage level Data type Storage model Representative index m Applications Example systems

Structured

Semi-
Structured
Text-Level
Storage
Unstructured
Parameter
State
Model-Level
Storage
Latent State

Table Store

KV / JSON Store

Hierarchical Store
(XML / Tree)

Graph Store
Text Store

Vector Store
(Text/Image/Audio/Video)

Model Checkpoint Store
Parameter Module Store
KV Cache Store

Latent Tensor Store

B+ Tree / Hash / Bitmap

/ LSM-tree

Path Index /GIN
/Expression Index

Label Index (Dewey /
ORIPATH) / Trie

Adjacency List / CSR /2-
Hop Labeling

Inverted Index

HNSW / IVF
/I'WFPQ/DiskANN

Model Registry Index

Module Index

Cache Block / Token
Index

Tensor Segment Index

Ordered lookup / hashing /

filtering / log-structured merge

JSON path navigation +
inverted field lookup

Hierarchical traversal + prefix

search

Graph traversal / reachability

term — memory chunk
retrieval

ANN similarity search

Model routing / selection

Adapter selection /
composition

Attention reuse across
decoding

Latent state reuse /
segmentation

Exact lookup of user attributes, filtering memories

by time/user/session,

Retrieving past conversation states, searching tool

execution traces by field (time/action/tool)

Retrieving full reasoning chains, searching task
decomposition paths

Multi-hop memory search, retrieving related facts
via graph expansion

Keyword-based memory search, retrieving past
chats by phrase

Semantic memory retrieval, multimodal memory
search

Selecting different model checkpoints for different
tasks, switching memory-conditioned models

Retrieving task-specific LoRA/adapters, selecting
personalized parameter modules

Retrieving previous context tokens for continued
generation, session continuity search

Long-context reasoning continuation, cross-turn
state persistence

MemGPT state store

LangChain Memory,
MemGPT episodic store

Voyager, AutoGPT task
memory

GraphRAG, HippoRAG

LangChain retriever,
Llamalndex BM25
memory

MemGPT vector
memory

MemOS, ROME, MEMIT

MemOS, MemLoRA,
CoLoR

MemOS, LONGMEM

AutoCompressor;
MemoryLLM
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Storage Design Trade-offs

Storage Storage Memo Physical Limitation
level class representation format

Unstructured
Text-
Level
Storage
Structured
Semi-
Structured
Parameter
Model-
Level
Storage
Latent
State

Runtime Context
Buffer

File / Object Store

Vector Store

Key-Value /
Document Store

Relational / Table
Store

Graph Store

Hierarchical Store

Model Checkpoint
Store

Parameter Module
Store

KV-Cache Store

Latent Tensor
Store

prompt tokens; dialogue snippets;
working summaries

raw traces, logs, docs, transcripts,
summaries, multimodal objects

embedding-backed memory
entries and payload references

profiles, task states, memory slots,

JSON-like records

repeated facts, triples, tool logs,
workflow states, metadata rows

entities, events, facts, relations,
temporal links, provenance

chunks, summaries, tiers, archive
levels, parent-child memories

knowledge, skills, experience
internalized in full model weights

adapters, LoRA modules, patch
modules, auxiliary models,
parameter banks

attention key-value tensors by
layer/head/token position

hidden states, activations, latent
tokens, steering vectors,
compressed states

active context window;
RAM-like prompt buffer

Markdown, JSONL, HTML,
transcripts, blob/object files

vector DB entries;
embedding index + external
payloads

KV pairs; document DB;
JSON records

relational tables;
rows/columns; SQL-
managed metadata
property graph; temporal
graph; nodes/edges

tree/DAG nodes; summary
layers; hierarchy links

model checkpoint files; fine-
tuned, edited, or merged
weights

adapter/LoRA/module files;
parameter bank entries

serialized KV-cache blocks;
cache directory

tensor store; latent-state
segments; memory vectors

Fastest access to working memory; directly
available to the model without retrieval latency.

Preserves raw evidence and source trace; easy
to ingest, inspect, export, and reprocess later.

Supports semantic recall over unstructured or
weakly structured memory with flexible matching.

Explicit keys and fields enable predictable lookup,
update, deletion, and governance metadata.

Strong support for constraints, joins, transactions,
auditing, and SQL-style memory management.

Captures multi-hop relations, lineage, temporal
validity, and relation-aware memory access.

Provides multi-resolution access for long histories
and documents while retaining source lineage.

Low-latency reuse of stable
knowledge/capabilities after loading; no explicit
context injection needed.

More modular than full checkpoints; supports
task/domain/user routing and versioned
parameter memories.

Reuses context state efficiently for continuation
and long-context acceleration without replaying
text.

Preserves reusable internal states beyond text;
useful for state reuse, steering, or compressed
memory.

Short-lived and capacity-bounded; easily overwritten
and weak for durable provenance.

Weak precise CRUD and relation modeling;
growth/noise require retention, deduplication, and
compaction.

Embedding drift, stale payloads, duplicate vectors, and

index refresh can affect recall quality.
Schema or key design can become inconsistent;

duplicate or stale records accumulate after noisy

avtrartinn
Rigid schemas and table design may under-model rich
relations or evolving long-horizon context.

Entity resolution and edge maintenance are costly;
wrong links can propagate through neighborhoods.

Summary drift and stale parent nodes require partial

rebuilds and careful refresh policies.

Opaque and difficult to audit, delete, or rollback; edits
can interfere with unrelated behavior.

Requires compatibility metadata and routing; module
conflicts, composition cost, and governance remain
hard.

Not human-readable; eviction, compatibility, and
correctness are difficult to verify.

Weak semantic editability and auditability; latent
meaning, portability, and safety are hard to inspect.
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Existing Memory Systems

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage

» Text-Level Storage
* Model-Level Storage

* Index Layer
Existing Memory Systems
dEvaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer )
Text-Level Storage ) Model-Level
(TTTTTITTTTT T ) Storage
@ Key |Value i@@ o E g
i@@ % v I| | Parameters
Database Key Value |( Graph Hierarchical |, Files  Vector Buffer ’; (.I(.ﬁI.) )
|:| Structured D Semi-Structured ':__—' Unstructured | | L atent State
Index
Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Existing Systems

— Memory formation Memory update and Retrieval, routing, and
Sl S and writing conflict handling injection
File / Object Store MemGPT Blci>tck-level memory Cache, paging & eviction LLM-planned query actions
Unstructured units
Storage o
Vector Store MemO Extracted atomic facts Conflict & version repair Z:::g:\/keyword similarity
Relational / Table Store ChatDB Extracted atomic facts Conflict & version repair LLM-planned query actions
Structured
Storage K
gg.;/alue /R i MemoChat Extracted atomic facts Append-only/static index LLM-planned query actions
Hierarchical
. Vector/keyword similarity
Graph Store RAPTOR heterogeneous Append-only/static index search + Graphftree traversal
Semi-Structured memory
Storage Hierarchical
Tree Store GraphRAG heterogeneous Append-only/static index Graph/tree traversal
memory
Key-Value / Document Hierarchical Cache, paging & eviction + Vector/keyword similarity
Hybrid Store; Graph Store; Tree MemOS heterogeneous Entity/topology consolidation search + Graph/tree traversal
Store memory + Conflict & version repair  + LLM-planned query actions
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Existing Systems

([ MEMORY SYSTEM BOUNDARY A

MEMORY ORCHESTRATION & POLICY

[ Rules + models + configuration ] coordinate [ writing + maintenance + memory use ]

C1 What should be stored? C3 What context is needed?
Interactions p - p -
— T
= WRITE PIPELINE T — TASK-AWARE SERVING T
AGENT / APP 1 Parse & segment “ B FABR.IC ‘ ! Rou’Fe CONTEXT
2 Select & deduplicate Blocks / Facts / Episodes? 2 Retrieve
3 Extract & rout Skills / Profiles? 3 Fuse &rerank
PAIEIEHE et RO 4 Inject context
\. J \ / L J
C2 How does memory stay coherent?

MAINTENANCE & EVOLUTION
Merge - Correct - Invalidate - Re-index

| RUNTIME & OPERATIONS Persistence - Scope - APIs - Queues - Observability |
. J

What Counts as a System | EE0 Memory Has a Clear Home | {Z3) Memory Runs as a Lifecycle

Level Memory System?

I (=3 Works Beyond the Demo I &2 Can Be Used Today ]
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Memory as a GovernEd, Schedulable System Resou rce - MemCube is the resource unit; scheduling, lifecycle and

governance form the control plane.
—————————————————————————————————————————————————————————— , - MemOS coordinates representation, scheduling, lifecycle,

‘ - ; . governance and storage through one control plane.
Message Input '__I\{I?TS)_S___s_Tt\[?t_e_Ea_l)_/?r_Ar_c_h_lt_e_c_t_u_rfe__‘ ( Output with memory | 4
___Prompt _____ 1 G LGS | | To raise a dog, you | ( )
| My dog needs help! 1 |~ | | | need to preparea | C1 - WRITE
- ~ — i | comfortable... | MemReader + Memory API
LN Memory Pipeline : N —— Y Parse intent into MemoryCall; package content, provenance

: SRR O ‘ ( Memory-equipped i and access metadata into a MemCube.

conversation

\ J

4 3
' Scheduler Call

Semantic Parse

[ -

The user has a dog;

e ~

Cube Operations \

C2 - MAINTAIN
MemScheduler + MemLifecycle + MemGovernance

MemoryCube Choose memory type and tier; track Generated — Activated
MemoryCube (retrieved) — Merged — Archived / Expired; enforce access and
(extracted) I Meta 1! Mem | version policies.
V([ |ivieatvien™!|| || s mevmeesmm— | 1+ | Lteder | payioad \ ,
, Header : 1 Payload : - ~
— J Message Output ( )
D,
| C3 - SERVE
Mem rator + rch / Injection
: Memory Cube (MemCube) ) Prompt e .Sea ¢ I. je.Ct ° . .
| e = —— ‘ i i Route across plaintext, activation and parametric memory;
s Rl SlaCh e L il < [EcE RN 2 i S i o - combine candidates and inject task-specific context.
I l # Lifecycle ' Plaintext Content N MemScheduler
I l | . S
| t'::::::::::::::::::::::::::::::::::" P e o et~ et g ! [ \& Ty e R s
(I # Access Control C ; Activation State 1 \L \L
| 4 i aomme—— : IMPLEMENTATION BOUNDARY
== e s e e e e e e D Tf allable Operations Text/KV paths and the scheduler are operational; parametric memory

I # Storage Profile Parameter Patch . .
| il ol and full governance remain partial.
I ' Tf — =
1 e MR R S SO ST T G T R ) N AR S e e do e ST R o |
I

I
[0}
QO
o
()
=
0
Q
<
(@]
Q
o
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MIRIX

Six Memory Types Become One Coordinated Service

MIRIX separates representation, control and execution, then exposes them through one deployable memory service.

DEPLOYABLE MEMORY SERVICE

________________________________________________________________________________________________________

Episodic
Memory

: Memory

Semantic Procedural Resource Knowledge
Memory Memory Memory Vault
N ! 4 = ﬁ
¥ 5 [E
o il 9

CONTROL PLANE | META MEMORY MANAGER
Selects relevant memory types->dispatches specialized Memory Managers->coordinates parallel work.

-
C1 | WRITE

Existing-memory check -> classify ->parallel typed update

User Input Meta Manager Managers Memory Base

Send

N\

C2 | MAINTAIN
| INTERNAL
EVOLUTION

* Typed
deduplication ->
Core rewrite ->
auto_dream merge /
repair

* The service
maintains memory
after writing.

N\

C3 | SERVE

Topic -> six-memory search -> deeper tool -> tagged prompt injection

Topic }

, _ —T
Task | [ Prev Step

Retrieve }

~» v ®' )
[ Stepn ekt
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Cognee

Knowledge Engine, System Operations

The architecture combines relational, vector
and graph stores.

C1 - WRITE

Tasks + Pipelines

Validate inputs, chunk data and extract entities
and relations before indexing.

C2 - MAINTAIN

Datasets + Run Control

Ownership, ACL, per-dataset status and
recovery sit outside retrieval quality.

C3 - SERVE

Backends + Recall

Pluggable relational, vector and graph stores
sit below a routed recall API.

< SELF-IMPROVEMENT LOOP - usage feedback — memory refinement >
\ 1\ )\
DATA WAREHOUSE COGNEE KNOWLEDGE ENGINE AGENTIC FRAMEWORKS
Databricks or BigQuery
Managed enterprise .
data CONTEXT TOoOL Skills management
CURATION PERSONALIZATION MANAGEMENT Tool ca(.:hlng. -
) Reasoning distillation
g N Reduced planning time
DATA INGESTION ONTOLOGY CUSTOM DATA AGENTIC [mp] Decreased context bloat
< PDF - DOCX - XLSX MAPPER MODEL ISOLATION
MP3 - PNG - SQL -
API...... .
30+ source types SESSION
MEMORY MANAGEMENT 45+ NATIVE
MANAGEMENT INTEGRATIONS
J \. e J J
( l )
PLUGGABLE BACKENDS
VECTOR DATABASES MODELS GRAPH DATABASES
Vector index + recall Embedding + generation Entity links + traversal
Qdrant - LanceDB Ollama - Anyscale NetworkX - Kuzu
Milvus - Redis Gemini - OpenAl Neo4j - FalkorDB
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Memory as a Maintained Lifecycle

WRITE

create a checkable memory unit

Detect a topic boundary, rewrite the episode, then extract atomic facts and time-
bounded foresight.

MAINTAIN

turn episodes into evolving scenes

Incrementally cluster MemCells, update a MemScene and maintain a profile from
recent evidence; retain expiry and conflict evidence.

SERVE

return only sufficient evidence

Match a scene, rerank its episodes, date-filter foresight, then perform a second query
only when the evidence is insufficient.

PAPER -> PRODUCT BOUNDARY

- MemCell / MemScene / Profile became episodes, facts, skills, etc.....
- The project lineage is continuous, but EverOS 1.x is a rebuilt architecture.

Conversation History New Conversation

1 will go to Beijing next week. Q

Beumg is a city that...

| will travel with my friends... g

Cj Traveling with friends is... ]

T
1
1
|
1
|
1
1
|
1
1
1
|
1

Hi, | have heen]og@ng
monm. but I'm d:ou w
I totalfy understand how you
feel! .logglng I

A segmentation boundary Episode History Conversation History
shouid b placed? N
Sagv'r;;l::::on - Q I Beijing |s. ?-ci(y that... l for over_

Tvill Tvith | totally understand how
you feel! Jogging is ...
l Traveling with friends...

e
T {29} | Generate MemCell
W
MemCell )
Atomic Facts
MemScene Pool Episode N\
Phase | 13 days] Need te prepare the necessary < The user stated that they will travel
2 - identification documents and clothing. On  August 26, 2025 at 5 :
Episodic approximately 05:00 AM AeBcliiag Rcriweek:
|Long term| Improving photography UTC, the user initinted the =
Formation i ' = 5
] 1 1
i i i
1 ] 1
1 1 1
: : : Similarity Calculation
1 1 1
L HEsae T N MemScene:
oo | \ Urban Travel Planning User
{ ; : S ) Profile
! 1 o \ 1
| ; Explicit Info
1 : :
i @ ' Incremental e o T
Semantic . Pool ¢ 4 Evidence snippets
B T e e z MemBase
Consolidation
Recall Foresight - ~N e 7 T B
Rec d a suitabl Date Filter (L ( ) mory-Augments istant
lunch option for me. %J) Recall Profile Agent: "Given your recent blood
3|1 sugar results, | would suggest
Chat Que ! a a clear-broth hot pot with
ry | Profil
v Toor b plenty of vegetables, lean meats,
MemScene Profile :)Epl.od. and tofu ...
Scene 2] e
Reasoning Query Match O
What am | most looking (G N ™ 7Y R
Koratt to o 8 & - Query & Kaent: g you bl o Belit,
to Beijing? Mem R it 5 2
! ewrite A J what you are most looking forward
Phase Il Base é to is exploring the local cuisine.”
Reconstructive FecalEpiscce =
R Recall Scene [t i ~57) Istheretrieved context
Recollection H _Ep ek ﬂnﬂ)——’@uﬁlcwncv check @B sufficient?
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Existing Products

Three Products Instantiate One Memory-System Pattern

1 CLAUDE
CODE

TWO WRITERS
FILE-BACKED
SCOPED LOAD

SOURCE WRITE GATE PERSISTENT ARTIFACT LOAD / ROUTE RUNTIME USE
. . CLAUDE.md Startup / Prompt
User — Direct edit 4,‘ + rules ]*)‘ path scope l—> context
Claude Auto-selects MEMOR.Y.md In_dex at start / Prompt
+ topics topics on demand context

DISTINCTIVE parallel human- and model-authored file paths use different loading policies.

~N

J
~

2 CURSOR SOURCE WRITE GATE PERSISTENT ARTIFACT LOAD / ROUTE RUNTIME USE

CLOUD AR

AGENTS : Learned memo

Past cloud Memory tool | P ry Tool in a Cross-run
tional) ! ormat later run behavior
MEMORY TOOL run (op 1 undisclosed
CLOUD RUNS !
CROSS-RUN ST TTmTmmm e
DISTINCTIVE an optional tool inside repeated cloud automation.
3 GEMINI SOURCE WRITE GATE PERSISTENT ARTIFACT LOAD / ROUTE RUNTIME USE
U /
CLI ser d Edit Global + project Hierarchy merge Prompt
approve — ! GEMINI.md at startup context
patch

TWO WRITE
PATHS AUTO Eligible Candidate Review Human Patch
REVIEW GATE MEMORY sessions extraction inbox approval
HIERARCHY

DISTINCTIVE hierarchical file loading plus review-gated automatic extraction.

COMMON PRODUCTION PATTERN

Persistent memory remains outside model weights

1 MEMORY SOURCE

WRITE
CONTROL

2 WRITE GATE

I
3 PERSISTENT ARTIFACT

4 SELECTIVE LOAD /

ROUTE TASK ROUTING

5 RUNTIME USE

6 MAINTENANCE &

CONTROL SAFE UPDATE

U Maintenance feeds the next write, retention,

and loading decision.
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Evaluation

Memory Application Layer

Agentic Memory Workflow Observation
. 0) N
dMemory Categorization A b gg - Acﬁon @

» Short-Term Memory User Agent Tools Environment
. Lon Term Memor Conversation/Trajectory Context Engineering
9 y Memory Layer Memory Management Layer
D M emo ry M an ag eme nt Short-Term Memory Operators
@;) (@\ Extraction Update
=7
 Operators Context  State Retrieval Compression
° ong-lerm Memory Forgetting Consolidation
Safety Management Eany eant
Episodic Memory Conflict Detection Reflection
D Memory Sto rage Procedural Memory
Semantic Memory Safety Management
° TeXt'Level Sto l’age Personal Memory Access Control Privacy Protection
* Model-Level Storage
e |Index Layer ( Memory Storage Layer )
Text-Level Storage ) Model-Level
. - (TTTTTITTTTT T ) Storage
QExisting Memory Systems Sal= Chiy < =
i@@ % v i Parameters
D EV a I u ati on Database Key Value |( Graph Hierarchical i\‘_lfi_lg_s_____\{e_gt_o_r_ _ Buffer ’; (.I(.ﬁI.) )
|:| Structured D Semi-Structured ':__—' Unstructured | | L atent State
Index
D 0 pe n P ro b I e ms Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Why Memory Evaluation Is Not Just RAG Evaluation

[ U Memory evaluation shifts from retrieving evidence to sustaining a reusable, stateful lifecycle.

{ \

RAG vs. Memory Systems: essential difference

» RAG answers a query by retrieving evidence from a fixed |
external corpus at read time.

» A memory system maintains an evolving internal state
across interactions,so it must write, update, retrieve, and
sometimes forget information before taking action.

Efficient:
Real-time state update

°
Structured State (Agentic Memory)

Category:  $150

Inefficient:
Retrieves entire history

Food [
Aspects RAG Memory system
Category: $80  $80
Knowledge . . . Transport @
=} Static corpus Persistent, evolving state
form Category: ~ $230
Total o | m
Core Retrieve — read — . . ] Category: | $500
Q . Write / update / retrieve / act 3 Budget  GEEN
operation answer | -
| Remiumng 8270
Across . ‘ N 4
©) . Usually none Accumulates over time
sessions i ,
* Retrieve & Process 7
What . . . . . ALL Historical Data y - ;
@ . Did retrieval support Is the maintained state valid, « Redundant processing Efficient: Real-time state update
evaluation ) - High latency + Structured access
asks a faithful answer? current, and useful? « Low latency

« Direct retrieval
Task success, evidence /

quality, update robustness,
User: How much
COSt ? did | spend on

Precision, recall,

il  Typical scores .

v

User: How much

¢ didIspendon Agent: You spent

transport this

RAG evaluates answer quality from retrieved ol g e
Key evidence, while memory evaluation asks whether = - :
distinction: information remains reusable, correct, explainable, (SPIL‘;vc,e;:g:ﬂng::t)
and actionable over time. 8 )

lllustrative example: raw retrieval vs. structured memory state.
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What should be New in Memory Benchmarks? Data, Framework, and Metrics

|

LU

New memory benchmarks move from static QA pairs to supervised memory lifecycles. ]

& 1) Data Design 2) Protocol Design 1l 3) Metric Design

Multi-session histories . ;
History is accumulated Task performance Accuracy * EM « F1 «
& i i i Streaming write-before-query 5
’.‘ (Lf:,?gt;:;n;;:?' il;fggf;i;adms @ bestrgievaiutmon Answer quality Task success rate
L»  Incremental streams What should be same, : -
S Continuous updates over time ~©‘ CONMICY B SHRUNCID sheli forgotten Retrieval fidelity Recall@K - EMatch «
(MemA th n) Evidence quality Support Rank Score
emAgentBenc
» * Separate module checks Em,ac"on = St,o e »
Controlled updates + conflicts Retrievali« Maintenance ) PR P—
CA Updates, contradictions, conditions O DpCRSE Y Conflict-aware score
(MemConfiict, GateMem) *"' + Adversarial / randomized Stress robustness to State correctness Staleness penalty
~«~ injections noise and distraction

B [ Enrichment trajectories
Multi-modal and structured knowledge

Memory must support

] costs diagnosis Latency * Token/Cost
| =

'“'l' (MemVerge, VideoMemBench, MemOS) m Aetiomenvironmentibops future decisions Efficiency + root cause r&u‘::::vel oror
' Q Text @ Table/DB Code/Log @ Image/Video/Audio E,/‘ Write 5 Maintain Q Retrieve B Use O Update e Abstain Q Correct 6 Wrong Q Partial @ Abstain

Result: failures can be attributed to a lifecycle stage, not only to the final answer.

\

®  Write @® Maintain ‘ Retrieve Use Diagnose
| /| — ‘ = 1 =— ¢~° —> 9
Information arrives | W’ Store & update | Find right evidence Answer / act

s \ / \ =
A |

Feedback for improvement 1 32

' Identify failure cause
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Evaluating Memory Systems for LLM Agents

O As LLM agents move from answering isolated queries to operating over long-running interactions,
evaluating how they form, update, retrieve, and use memory becomes essential.

_ Retrieval Grounding Era i Context Engineering Era Agent Memory Era Long-Horizon Future
(= 2023) (2023-2025) (2024-Present) (Next)
ability s /
nger Cap i ‘
1zon, Strond x ‘

\_onge\' Hor

RAG vs. Memory

o Long-Horizon Future | |

Persistent, adaptive memory

D 4
Evaluation Dimensions

9 Agent Memory Era

2024-Present e Lifelong memory

e Context Engineering Era e Continual learning & adaptation

m Stateful memory systems o

RAG + tools + long context

o Retrieval Grounding Era
[ <2023 ]

RAG-style query-time retrieval

Multi-agent collaboration

¢ Maintain internal state across interactions

Reliable, verifiable, efficient

o Extraction / Retrieval / Storage / Maintenance
v ¢ Retrieve external evidence | * Multi-step reasoning with retrieval ot

Conflict handling, forgetting, and updates

Evaluation Platforms

¢ Ground answers to a snapshot

e Little or no persistent state

 Tool use and context stitching

* Short-term / working memory only

¢ Cross-session consistency

3‘ ¥ == Evaluation Single-turn QA Multi-step reasoning Lif?cycle memory tasks Long-horizon streams
v e Tasks Evidence utilization Tool use with retrieval Extraction / Retrleval / Storage / Multi-agent, open-ended goals
Maintenance
Evaluation Relevance, Recall ‘Iﬁ :TZZ;T::J::; Stzte ‘f’la‘lidli-.ty, (::Pdat: robu#ness A:Umf"e“TPe"fW’":"‘CG
Metrics Faithfulness 5 ! onflict handling, Forgetting aptation, Trustworthiness
& Context efficiency Action grounding Cost & efficiency

Findings and Problems

Memory Evaluation
Framework

Platforms &
Benchmarks

“w S

¢ Insights

Short Horizon / Query-Level

RAGAS, ARES, RGB
HotpotQA, NQ, etc.

LongBench, ToolBench
AgentBench (partial)

Evaluates retrieval-grounded
answering to a snapshot

Adds richer context and tools,
but memory remains ephemeral

LoCoMo, LongMemEval,
MemBench, MemoryAgentBench,
Mem2ActBench, StructMemEval

Evaluates persistent state
across interactions

LongAgentBench (emerging)
METR, SWE-bench, OSWorld

Evaluates lifelong capability,
adaptation, and real-world impact

Long Horizon / Lifecycle-Level ——



Question to Ask:
What Should Be Evaluated?
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Evaluation Scope: What Should Be Evaluated?

A complete evaluation needs two complementary views:

?E Evaluation Tasks

What capabilities and situations should be tested?

[ Memory Function View }
X

(
Q Y || ©

Extraction Storage Retrieval Maintenance

{0

Example Domains & Scenarios

[‘ ZE;?;::LJ [(/ > Software} [U Data } [I!!J Research} [ G'I'gtlall J

Evaluation Metrics

How should success, failure, and cost be

measured?
® Task Performance e Update Robustness
Task—Metric ® Retrieval Quality e Efficiency & Cost
Alignment
Evaluated Memory Systems ) B

” AA UOCS‘ CRS |
Benchmark Conditions { ‘7

Conflict Types Controlled Factors

. Y White-box Metrics
‘ Dialogue Length | Distractor Injection !

é Dynamic Static]i Retrieval Depth

Conditional Query Formulation Conflict Distance ‘ \SEH@K, L s J

Evaluation Perspectives ‘ System Diagnostics

Black-box ~White-box ‘Efﬁciency Reliability
Supporting-evidence retrieval { J J

Final-answer correctness .
and ranking

J

Fig. 3. Overview of evaluation dimensions and reported outputs in MemConflict.
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Question to Ask:
What Tasks Should Be Evaluated?

136



Memory Function View: A Unified Task Taxonomy

Different memory systems share a similar set of evaluation tasks.

1. Extraction

 What should be remembered?

2. Storage
« How Should Memory Be

Organized?
3. Retrieval

« Can the Right Evidence Be
Found?

4. Maintenance

« Can Memory Stay Valid Over
Time?

1) Memory Extraction

(Question Construction & Evidence-Session Construction)

(a) Question Construction (b) Evidence Session Construction

Attribute:  occupation User LLM During peak campaign seasons, my work
hours per week increases by 10 hours.
i Background Sampling
I'm planning to start looking for a new job in the next

I've been working as a Marketing ‘:.‘f’

Specialist at a mid-sized tech firm,

apty named TechSavvy Inc. My job

title is officially “Digital Marketing -

Specialist™ and | report directly to &
Marketing Manager Rachel. My

primary responsibilities include ... % 2
working an average of 40 hours creating and scheduling posts, and analyzing ¥

per week, with weeks going up to metrics. During peak campaign seasons,
50 hours during peak campaign lincrease my work hours by 10 hours weekly to

e acconnnodate the additional workioad. | want to

few months, and | was wondering If you could help
me update my resume and Linkedin profile...

Id be happy to help! To get started, could you share
your current resume? ...

l Question Construction
Evidence Statements
1 work an average of 40 hours per week.

During peak campaign seasons. my work
hours per week increases by 10 hours.

Thank you for sharing. 'l provide you with some
& feedback and suggestions ...

Question w/ Timestamps

How many hours do | work in a typical

week during peak campaign seasons?
Answer: 50

»

3) Memory Maintenance
(Dynamic, Static & Conditional Conflict)

User ™ I'm still living in Beijing, Residence: Beijing | I move to Shanghai this
P close to my office. et ¢ | . month for a new job.
Assis o That sounds convenient Congratulations on the
at for your daily commute. . - move and the new role.
(a) Dynamic Conflict
User L] My full name is Li Ming, Name: Li Ming My colleague jokes |
- nice to meet you. Trie Néame fact am Li Lei.
Assistant Nice to meet you, Li That sounds like aa
Ming. All the best. inside joke at work.
(b) Static Conflict
User o] In the morning. | want Morning: Coffee At night, I'd rather have
am coffee before working Focthicide warm milk.
.ee
Addistint ~ A morning coffee routine i That sounds like a
sets the tone. calmer way to relax.
Session | (¢) Conditional Conflict Session j

(c) History Construction

2) Memory Storage

(Tree Structure, State Tracking & Transaction Ledger)

Tree Structure State Tracking

Transaction Ledger

Simulated Chat

Charlie related? based on where | live now?

.

4) Memory Retrieval

(Accurate Retrieval & Abstention)
Residence: Shanghai e How many fish are

| upgraded my old 10-gallon tank, which 4
there in my 30-gallon

True update 5
= has my betta fish, Bubbles. R

g | added decorations to the 30-gallon tank &/ You did not mention

Ness Tl Ledl ; to create more hiding places for the fish. ""a'gy:l"lo:“‘:;’: : 30-

A Inconisstent

mention

I went to the zoo and saw elephants.

Night: Milk ... (Long long conversation)
Another holds
a view

What did I see at the zoo?

Accurate Retrieval

s Family Relations Locations & Neighbors Net Settlement
H1 | (can1s >
s =N 2 e
H2 | (can8>> /G”'ge Rm\ Time
-l Py My neighbor | ]
ES1 | (5013 Y History Santiago... Debtor | Creditor | Amount |
il i i ) to |
H3 | GCazsd Sessions ‘ / :
Sy | Bob Ann ) | Charlie Alice Bob 508
ES2 o TR - / Paris My neighbor i
Emily...
il ¢ t1 Bob Charlie 308
' o Rio de My neighbor Charlie Alice 208
5 Janeiro Jose...
@ Publicly Released t2 —_—
Chat Sessions
- icti B Question: Calculate final
SNop:Confrcing Question: Are Mike and | Question: Who is my neighbor =3 %

settlement (e.g. Alice -> Bob 208,
Bob -> Charlie 108)
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Memory Extraction: What Should Be Remembered?

» WHAT IS EVALUATED

Convert interactions, logs, and documents into reusable memory units while preserving key

facts, event links, and sources.

» CORE SUBTASKS
* Long-context information extraction
* Event summarization / compression

» AGENT EXAMPLES

* Personal assistant: Extract user preferences,
schedules, and facts from cross-session
conversations.

* Software agent: Distill the current task context
from issues, error logs, and fix history.

* Research agent: Compress long-term experiment

records into events, observations, and conclusions.

> REPRESENTATIVE DATASETS

* LongMemEval:

* LoCoMo:
* MemBench:

(a) Question Construction

Attribute | occupation |
l Background Sampling
Background

/I've been working as a Marketing Specialist at a mid-sized ™,
| tech firm, aptly named TechSavvy Inc. My job title is i
; officially“DigitalMarketingSpecialist”andIreportdirectly :
i to Marketing Manager Rachel. My primary responsibilities |
i include...In th p st6 months, I've been workingan |
average of MOh s per week, with weel k g ngupto50 !
hours during peak campaign s ns. /

l Question Construction

Evidence Statements
I work an average of 40 hours per week. ’

{Duri gp kampg
1‘h rs per week in:

asons, mywo rk i -~
es by 10 hou

Question w/ Timestamps
‘ How man! yh s dolworkin typ l R
i week duri spkmps

Answer: 50

Information extraction

Event summarization
Single-hop / reflective cues

(b) Evidence Session Construction

During peak campaign seasons, my work ]

User LLM hours per week increases by 10 hours.

Assistant LLM

(QD X i I'm planning to start looking for a new job in the next few months, and | was
wondering if you could help me update my resume and LinkedlIn profile...
1 I‘d be happy to help! To get started, could you share your current resume? ... ‘,_‘_)C’
"I attac hdmy nt resume. ... Id like to hghlghtmyexp nce in managi g
C“ lrnedp tgdhdlgpt and a lyzg ggmet‘
& | mef t s. Duri gp k amp ign seasons, lincrease myworkh by10h
\ weekly to accommodate the ddt nal workload. | want to emphasize my
ability to adapt to changing workloads and prioritize tasks effective ly
i Thankyou for sharing. I‘ll provide you with some feedback and suggestions ... L‘g'_'l
U
@ X

(c) History Construction

e @ Publicly Released
H2 <-4/28-> ' Chat Sessions

EvidenceSessionst CBST 1 <TBAZ> Y History Sessions

~ Non-Conflicting

Simulated Chat
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Memory Storage: How Should Memory Be Organized?

» WHAT IS EVALUATED

@ strycture extracted information for querying and updates, keeping relationships,
s’ states, and capacities usable over time.

» CORE SUBTASKS > REPRESENTATIVE DATASETS

* Structural organization e StructMemEval: Tree / count/recsys / state

* State tracking * MemBench: Capacity boundary

* Capacity / stress testing e MemoryAsData: Stateful workloads

> AGENT EXAMPLES Tree Structure State Tracking l Transaction Ledger
Family Relations Locations & Neighbors ] Net Settlement
- Data agent: Track ledgers, states, and =~ = T
balances ‘ Mexico My neighbor Santiago... Debtor Creditor Amount
. . 1 . to
* Personal assistant: Manage user profiles, ° (an)) : ‘ D[ aice | mob 50
preferences, and constraints. S0 | (o oo .. sob | chae | 308
t1
4 —~>>. \\\ | io de . arlie ice
° Software agent: Track repo structures, APls, (e ) | || Myneighborsose. | T | 7 =
and progress. L2
uestion: Are Mike an arlie . uestion: 0 is my neighbor Question: Ca[culale oy
Quest Arelgfelzzl? d chart Qbaséd oan\ere | I)i,ve n?):/k?? senlemgg;(z%:;ﬁiee ';0:;) b 208,
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Memory Retrieval: Can the Right Evidence Be Found?

» WHAT IS EVALUATED

Identify, rank, and combine relevant evidence for the query; refuse to answer when
evidence is insufficient rather than fabricate.

> REPRESENTATIVE DATASETS

» CORE SUBTASKS
* Single-hop / multi-hop retrieval
e Temporal retrieval
» Evidence ranking
« Abstention

» AGENT EXAMPLES

* Research agent: Synthesize evidence
from multiple document snippets.

* Personal assistant: Retrieve current
times, preferences, and events.

* Tool agent: Restore constraints and
required parameters before API calls.

* MemoryAgentBench:
« LongMemEval:
« MemConflict:

SH / MH document QA

Temporal / abstention
White-box evidence ranking

abstention

there in my 30-gallon |

‘Q, I went to the zoo and saw elephants. ? .
% [ | upgraded my old 10-gallon tank, which ] How many ish are | |
i

.. (Long long conversation)

has my betta fish, Bubbles.

tank?

——————— - - e —
N
"

What did I see at the zoo?

()
® | added decorations to the 20-gallon tank
to create more hiding places for the fish.

# You did not mention !
! thatyou have a30- !

Accurate Retrieval

temporal-reasoning
o

< I/;; % (" 1went to behind-the-scenes
A - tour of the Science Museum

today with a friend who's a

1 -~ -

How many months ":

\___chemistryprofessor. __J A

- B ' '

s (' 3/11 * (" lattended a guided tour at the LY la_st LSOLI

B \~--- Natural History Museum . Visitwith a friend?
u yesterday with my dad. ) V """""""""""""""

R
LY ( a/18
(A ~

1 -~ -

the History Museum about

= " M
fl just learned a lot in a lecture at | |

\_ancient civilizations this month. ) :
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Memory Maintenance: Can Memory Stay Valid Over Time?

> WHAT IS EVALUATED
73 Keep memory current, consistent, and governable through ongoing writes, edits, conflicts,

R~/ merges, and deletions

» CORE SUBTASKS
Update

Conflict resolution
Forgetting / governance

Reflection / consolidation

» AGENT EXAMPLES

* Personal assistant: Overwrite old addresses
and prevent reuse of outdated facts.

« Shared workplace agent: Execute role
permissions and explicit delete requests.

* Software agent: Merge new test results
and discard obsolete patch data.

> REPRESENTATIVE DATASETS

* LongMemEval:  Knowledge update

* MemConflict: Dynamic / static / conditional

* GateMem:

Access control / forgetting

' True update

O | Congratulations on the
* move and the new role.

(a) Dynamic Conflict

U ™, ©|My full name is Li Ming, Name: Li Ming ™ 0| My colleague jokes I Name: Li Lei
ser . S
L) nice to meet you. N True stable ah am Li Lei. & nconsistent
fact mention
?_ o O |Nice to meet you, Li 9 at sounds like ai
. o ) o
Assistant Ming. Al the best.

User ™ O |In the morning, I want Morning: Coffee Night: Milk
= coffee before working. dj : D Another hobby
I & when

o © | A moming coffee routine o O| That sounds like a
Assistant
sets the tone. calmer way to relax.
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Tasks and Datasets at a Glance

Memory Conversation Structured Incremental Conflict /
Function Memo State Interaction Update Action

Extraction LongMemEval L MemoryAgentBe . .
LoCoMo nch
StructMemEval . L LifelongAgentBe
Storage MemBench MemoryAsData nch
Retrieval e — ST GRS MemConflict Mem2ActBench
LongMemEval nch
: LongMemEval MemoryAgentBe = MemConflict MemoryArena
Maintenance Memora StructMemeval nch GateMem MemGUI-Bench

No single benchmark covers all four functions. A credible evaluation suite should combine
functional diagnostics with at least one interactive, memory-to-action testbed.
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Question to Ask:
What Metrics Should Be Used?
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A Four-Dimensional Concept of Memory Evaluation

» Agood evaluation is task-grounded, evidence-aware, update-robust, and cost-conscious.

Task Performance
Retrieval Quality

Update Robustness

Efficiency & Cost

= B
Evaluation Process (Task-Grounded & Evidence-Aware)
p
1. Task / Question 2. Retrieve Evidence A~ 3. Generate Answer 4. Update Memory 5. Evaluate Cost
Q (Evidence-Aware) ,\ (Task-Grounded) K_A (Update-Robust) @ (Cost-Conscious)
—————— Memory / Knowledge Base -- - - -~ Old Memory New Memory
—r e
Session 1 1 Latency /
| went to the zoo and Ranking ‘ | saw elephants @ Time Cost
saw elephants. o (Top-K) Answer i gl and giraffes
T e A
1 at e [ at the zoo.
Session 3 | saw elephants Resource /
We saw giraffes and 2 tth (Outdated) (Updated) Token Cost
lions in the afternoon. 3 althe:zoo: \ ),
What did | see ' ?
at the zoo? ST K Conflict Resolution / Consolidation @ Normalized
(Long long conversation) @ Visited the aquarium 0 v Keep latest valid information Utility
| v Resolve conflicts
__________________________________ | v Consolidate related facts
L ° o J
I ]
[ i maa ae  Sea  ba  e aa  ahes ate (e e e e e e e e e s e e o sl e s e e Lk ) [
é é : é i é
@ R 4 B \ @ N
!7 Task Performance Q Retrieval Quality v Update Robustness ((?) Efficiency & Cost
e Accuracy ¢ Recall@K e Accuracy / EM/F1 * Latency / Time Cost
¢ Exact Match * Supporting Evidence Match * Performance Drop * Resource / Token Cost
¢ F1/ROUGE-LF1 * Support Rank Score * Capacity Threshold * Normalized Utility
¢ Task Success Rate
Recall@K Support Rank Score > '
1 <8+®
= 2 < |
: i 3 ' |
4 | | _ Utility
1 5 10 20 110 20 50 Time / Updates Memory Size (per cost)
Models / Systems K Rank Position ‘
A ' Q P J 4 4

@ A good memory system should be task-grounded, evidence-aware, update-robust, and cost-conscious.
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Memory System Evaluation Metrics

100 100
. .
Q, Retrieval Quality
@ Task Performance
@ 50 ":é 50 é
I Reference Baselines Ml Sequential Context I Structural Topological 1 Multi-Paradigm Hybrid E E g
s — = . [ @ “ s L L3
e Answer Accuracy . : 3 Recall@K
e z . 5. ) $ " 0 o
E t Match 3 il W i il HH | § . || é |I li ” I o GG o GG
@ o «
" xac atc ST dw:»w:g« B ) xgxfw w ) GHLE GG ° Supporting R
o 4’0“\/ e ff f « QQ@ ={> - Embedding RAG ~%/— Zep Local LightMem MemOS A-MEM
F1 l ROU G E L F1 (a) LongMemEval: Substring EM (b) LongMemEval: ROUGE-L F1 ( ) LongMemEval: ROUGE-L Recall  (d) LongMemEval: LLM Judge Acc. Evi dence Match e tariamn0) -0- Memiree SimpleMem Memoivos
n - " o » by X T ‘
Lo f £l - V;\:.§_P&_—» P T —— Cheace.,
*Lll bl <Ll H“" | H | B
i L E Ll E | Ml s e
* Task Success Rate g 7L LT T A il ; ° Support Rank Score .. - >
GULLI FIEHG JT0P0 5P e ]
S a0 e g e e
(e) LoCoMo: EM (f) LoCoMo: Answer F1 (g) DB-Bench: EM (h) DB-Bench: Task Success Rate £ N ST TS -~
201 \'u.\
——
, Rt G oo | -
1-5 6-10 11-15 16-20 21-25 26-31
Evidence Distance Gap (Session Bins)
(b) Recall@k vs. Evidence Distance Gap
e [ ial Context @ o ™ igm Hybrid
Short Medium Long Cognee
Update @ Efficiency & Cost = el
‘ y e 80 1 Zap Local
Robustness 2 g 1.
£ . >
B e Latency/Time Cost : *] Qg
320 b= 50 4 D ~
* Update Accuracy {7 fwf ™"
[]
E
oj | , , | . | | | | . , | e Resource Cost £ 30- +"'°"'°°"“ oty share
= Exact Match e SR fum I e M lem U sioph Meeos Mg s " ; ‘w @ o
(a) L Context-Length ° N I . d Ut' I 't - Emb RAG -
> o 10 10
™ F1 l ROUG E L F1 -.3.-::':3:“; :;::::cm 3233"" *:I:n’:m ;?n’:l’:;l’:m :::oorsyos fome orma Ize I I y Avg. operation latency/query (s, log scale)
J 07 (a) Cost-Effectiveness Frontier
30 504 Multi-Paradigm ?
- A e se— =
° Performance Drop S zoj ;>\n\ o e § % LoCoMo  g.58 0.76 2.30 - 0.38 145 2.38 0.76 i:: g
= eSS 1 — — P S w1
210 Sl 8 p o ongMemEva 0.46 2.92 2873 3
g | g Stei—y < | e M 10%  i§
* Capacity Threshold >~ —— o 1 e T e
?8-493) (M.;f] (47-;09) (50-:24) 1-5 6-10 11-15 16-20 21-25 26-31 | 10-2 '%
L it (ot Lot Evidence Distance Gap Bin =8
. . . ook G ) X e o 3 10 El
(b) Lun:l:lls;?nrgvsa?:s :lll‘:l‘!ic-;:::ig:lnﬁrowth (c) LoCoMo: Temporal Distance Drift \'°“9 %“‘“ﬂ ‘Ae“‘ g“‘°o\$ 1}?\'& \A‘“‘“ \,\%“em \p\e\“oﬂo E
i
o

(b) Three-Benchmark Operation Latency

The same metric can support different functions; interpretation depends on the task protocol and gold evidence.
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Task x Metric Matrix: Closing the Evaluation Loop

Memory Function

Task Performance

Retrieval Quality

Update Robustness

Efficiency & Cost

Extraction

Storage

Retrieval

Maintenance

Accuracy
EM/F1/ROUGE-L

EM
Task Success Rate

Accuracy
F1

Accuracy
Substring EM
Task Success Rate

Recall@K
Supporting Evidence
Match

Recall@K
(valid/latest evidence)

Performance Drop
(longer histories)

Capacity Threshold
Performance Drop

Performance Drop
(evidence distance)

Performance Drop
Capacity Threshold

Latency
Resource Cost
Normalized Ultility

Latency
Storage Growth
Normalized Ultility

Query Latency
Resource Cost
Normalized Ultility

Update Latency
Resource Cost
Normalized Ultility
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Question to Ask:
How to Evaluate?

Platforms
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A Unified Evaluation Pipeline

message history —?
=0 response [V_ Memory-Agent-Environment Loop
Q==
@,:: @ re_Ie_vgr_lt _|rlf<_)r_r11_ayon <B Memory
current query ED:J F—j r:—j ——j |:> g <" Update
LLM
Agent Memory System @ Environment ., Agent
f N\ D .
%Information Extraction Q, Information Retrieval Feedback Action
> direct archiving®== » lexical-based retrieval
o tlor? basle?[@ » vector-based retrieval
° g » structure-based retrieval }
QR P > LLM-assisted retrieval

L J/

Multi-Session Working Flow

s = ~

Memory Storage

Retrieved Mem.
Subtask Inst. i

% Memory Management Memory systerm
% Connecting &Q |ntegl’atin9 @ Transform|ng OrganiZing @ Memory

T Filtering (:) Updating Updating

000 flat A& hierarchical &3 vector-based @graph-based i —> LLM Agent —> Environment —

Session i

A unified pipeline evaluates not only how memory is built and retrieved, but also how it is updated and
used across multi-session agent—environment interactions. 148



Representative Frameworks: One Clear Mapping per Function

m Primary Framework Evaluation Protocol Metrics Reused from Section 3

Feed scalable multi-session chat histories; ask
information-extraction or event-level questions.

Extraction LongMemEval Accuracy / EM / F1 / ROUGE-L

Incrementally write ledgers, trees,
Storage StructMemEval recommendations, or state transitions; query the
maintained structure or current state.

EM / Task Success Rate / Capacity
Threshold / Resource Cost

Transform long documents into incremental multi-
Retrieval MemoryAgentBench turn streams; retrieve and answer single-hop or
multi-hop evidence queries.

Accuracy / Recall@K / Supporting
Evidence Match

Inject dynamic, static, or conditional conflicts;
Maintenance MemConflict separately evaluate evidence retrieval, ranking, Accuracy / Recall@K / Performance Drop
and final answer.
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Evaluation Recipes |: Extraction and Storage

v Extraction — LongMemEval
© Input

© Method

Multi-session user—assistant history

Ask extraction / summarization questions
after incremental memory writing

© Metrics Accuracy - F1/ROUGE-L - EM

0 Output Does the system preserve salient facts and

events without copying all history?

(a) Question Construction (b) Evidence Session Construction

During peak campaign seasons, my work

Assistant LLM
hours per week increases by 10 hours. ssistant LL|

UserlLM |

l Background Sampling @cn B 4

I'm planning to start looking for a new job in the next few months, and | was

Background wondering if you could help me update my resume and LinkedIn profile...

I've been working as a Marketing Specialist at a mid-sized

i tech firm, aptly named TechSavvy Inc. My job title is

: officially “Digital Marketing Specialist” and | report directly

i to Marketing Manager Rachel. My primary responsibilities

include ... In the past 6 months, I’ve been working an [}

: average of 40 hours per week, with weeks goingup to 50 : @ s
" hours during peak campaign seasons ...

I‘d be happy to help! To get started, could you share your current resume? ... 3::, C}“

"I've attached my current resume. ... I'd like to highlight my experience in managing\'v,
social media p ing and scheduling posts, and analyzing engagement
metrics. During peak i li my work hours by 10 hours

weekly to accommodate the additional workload. | want to emphasize my i
ability to adapt to changing workloads and prioritize tasks effectively.

J' Question Construction ! Thankyou for sharing. Ill provide you with some feedback and suggestions ... (:)w

Evidence Statements @
] &

2024/511 3

| work an average of 40 hours per week. {:

During peak campaign seasons, my work R
i hours per week increases by 10 hours. N

g Publicly Released
e Chat Sessions

History Sessions

~— & Non-Conflicting
Simulated Chat

Question w/ Timestamps

How marPy hoursdo | work in a typical ; ,\r 2024/5/20 \‘,
i week during peak campaign seasons? | “~_ -

Answer: 50

L —

© Input

© Method

© Metrics

@ Output

Tree Structure

Storage — StructMemEval

Tree, ledger, recommendation, or state-
transition stream

Write events incrementally; query hierarchy,
count, current state, or capacity

EM - Task Success Rate - Capacity
Threshold - Resource Cost

Can the system maintain a correct,
queryable structure under growth?

State Tracking Transaction Ledger

Family Relations Locations & Neighbors Net Settlement
My neighbor Santiago... - Debtor Creditor Amount

. Time

: o -m

: . Alice Bob 508
. My neighbor Emily... .

: : Bob Charlie 30$
.ot .

: i . Charli Al 20
. ’ My neighbor Jose... . e e $
. Janeiro .

: I 2
Question: Are Mike and Charlie .
related? .

Question: Calculate final
settlement (e.g. Alice -> Bob 208,
Bob -> Charlie 10$)

Question: Who is my neighbor
based on where | live now?
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Evaluation Recipes ll: Retrieval and Maintenance

Q Retrieval — MemoryAgentBench 8 Maintenance — MemConflict

© Input Long documents or memory data split into a © 'nput  Controlled histories with dynamic, static, or
multi-turn stream conditional conflicts

© Method Accumulate memory incrementally, retrieve © Method Retrieve and rank valid memory, then answer
evidence, and answer SH / MH queries the latest or context-valid state

© Metrics Accuracy - Recall@K - Supporting © WMetrics Accuracy - Recall@K - Performance Drop

Evidence Match
0 Output Can the system reject stale, false, or

° Output Can the agent locate and assemble the conditionally inapplicable alternatives?
right eVidence after |0ng hiStorieS? Step 1: Step 2: Timeline Simulation and Conflict Construction Step 4:
User Profile Query & Label
Initialization . o . f;)l:s)truction
Personal Seeds . : d ’ GorliLabcly:M/
I went to the zoo and saw elephants. o .

Chat Chat Chat Chat Update ‘Updme Update 1 ““Questio s the
Structured User .

Profile 3B, % A, és A, . 7 3., K
o [‘;@_ 1,; Static Profile ' v v ‘v ‘v ' o //
00 (Lo n g lo n g Co nve rs af' o n) 2022.01 i 202301 2024.01 2025.01 $ 202601
4l D.: Dynamic Status | ; H : :
; <~ Dynamic Conflict > : :
——————————————————— L i Conditional Status i i ' i i Step 5:
(@) T Future Direction A Statle Confict === i Eyaluation Protocol
H 2 R.: Related Entities oot ConTITICOITE: e “ @
What did I see at the zoo? . P
, 'z
¥ Black-box
. Evaluation
Accurate Retrieval -
¥
s ® (gt
3,
Dynamic || Static ||Conditional
8, AA || AA A
UOCS w CRS SEI
Each Session Information g‘;:z'; -_ Sn:




Beyond QA: Interactive and Memory-to-Action Evaluation

These testbeds extend the same task/metric vocabulary into persistent environments:

[ qg MemoryArena 'IXI; ét;]_ts_ eIEs,r?\llti)rrcm),r:rr:;??gggdent subtasks in a Memory- Task Success Rate ]
1 LifelongAgentBench Database/ OS/KG task sequences testing skil Task Success Rate -
~ acquisition, transfer, and retention. Performance Drop
Cross-temporal and cross-spatial mobile GUI tasks
[ D MemGUI-Bench aCross apps. Pass@k - Task Success Rate ]
Interrupted histories converted into tool selection and
[ ’ Mem2ActBench parameter grounding. Task Success Rate - Accuracy]
J'h_ StreamBench Continuous input-feedback streams testing whether Performance Drop /
agents improve online. Improvement
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Question to Ask:
What have we learned?

Findings
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Existing Findings and Insights |: Architecture and Evidence

01 Workload-dependent winners Workload-dependent winners

-} Workload alignment
m atte rs m O re th a n a 3 Reference Baselines Il Sequential Context 3 Structural Topological 1 Multi-Paradigm Hybrid

50 60

universal architecture E - z g - £ -
Q 10 20
(3 5 8 § o § 10
c . . GHORTGET GHIETRGY GERIRY p
ro S S B S e S S I O n re a S O n I n g’ O n g_ (a) LongMemEval: Substring EM (b) LongMemEval: ROUGE-L F1 (c) LongMemEval: ROUGE-L Recall (d) LongMemEval: LLM Judge Acc.
H 1 15 40 70 2 7
dialogue grounding, structured ) ° g
. 10 , E 3 2 50 |2 3 50 | .
state, and tool execution create 3 5 ., z - § «
. 5 o m 2 10 T 20 (3 20
different bottlenecks; one ‘ < . x
: . FESEE LS/ S FESEEAERN G XS I RFV VY S :
memory design rarely dominates GGG SRR Y s

every workload.

Source: Are We Ready For An Agent-Native Memory System? - Figure 7
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Existing Findings and Insights |I: Architecture and Evidence

02 Evidence quality over distance

<& Evidence organization is more
important than top-1 similarity

Strong systems must localize and
assemble distributed evidence.
Hierarchical or linked structures
are especially useful for distant
or multi-hop evidence.

Evidence quality over distance

={> - Embedding RAG /=~ Zep Local LightMem MemOS A-MEM
~<}- MemO ={}= MemTree SimpleMem MemoryOS
100 A
A R — ¥ 1
A P A bl —— e ———
\/‘\— - g © - e—— e - & T
80 et e (kS-SR SN LA T
N B A —— - — K v e~ S A - P
r=="" el e
— —
< ) bl L e - LNy ——
9 N s DTS A e e o e e ) AV
o s0- RN
-~ ~
® \ TS
= . N e -t
¢ a0+ D R N T
[ T =g T -
. < -
\
20 | ‘
D~ ~.
~. —
N Dt
° D o — — —— N — — -
T L] T 1 T
1-5 6-10 11-15 16-20 21-25 26-31

Evidence Distance Gap (Session Bins)
(b) Recall@k vs. Evidence Distance Gap

Source: Are We Ready For An Agent-Native Memory System? - Figure 8(b)
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Existing Findings and Insights |: Architecture and Evidence

03 Long-horizon robustness

@ Long-horizon robustness
requires revisable structure

Updates and conflicts are handled
more reliably when entries preserve
time, state, relations, and provenance
instead of only flat summaries.

Long-horizon robustness

=O= LongCtx = MemO0 == Cognee =i~ MemTree LightMem MemOS A-MEM
== EmbedRAG -~ MemoChat == Zep Letta SimpleMem MemoryOS
35 4 60
30 50 -
< 25 € a0 / — &YT‘ T s
= 20 /V\ - 8 ; e ——
1 S, [T o A5 . /-"
-l L9 v V
y 3 - 7w 30 X/ S \
wogs - O \' — ; Q = ~—— T =V
S H \g/ == =0 §20{ % <>/ % 0\\(»
2 10 — .——-—"’é%‘ > /. = 5 b e "y
Y o L o = \
5- v >‘¢ —_— 10 \Q/\'_—>’<> O
0 Ia— T T T 0 T T T T T T
38-43 44-46 47-49 50-54 1-5 6-10 11-15 16-20 21-25 26-31
(n=9) (n=24) (n=30) (n=12)

Evidence Distance Gap Bin
History Session Count Bin

(b) LongMemEval: Multi-Session Growth (c) LoCoMo: Temporal Distance Drift

Source: Are We Ready For An Agent-Native Memory System? - Figure 10(b—c)
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Existing Findings and Insights Il: Cost and the Action Gap

-
04 Cost—performance trade-off Cost—performance trade-off
@ Reference Baselines @ Sequential Context @ Structural Topological (@ Multi-Paradigm Hybrid
QIA Memory quality has a clear o Pl
cost—performance trade-off o v
:"i =0 Long Ctx D/LightMem s
i -
o B v .~ = 0.. )
Complex tree/graph organization can SRR SRR
imprOve eVidence assembly, but (a) Cost-Effectiveness Frontier
global reorganization and large Y ""'“.;;:;-:*m
maintenance scope increase latency, e - | B
token cost, and scalability pressure. . - I - ;
_-n-- - B
(b) Three-Benchmark Operation Latency . ‘%
Source: Are We Ready For An Agent-Native Memory System?,
Fig. 11(a).
y \ 4
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Existing Findings and Insights Il: Cost and the Action Gap

05 Static QA misses the action gap

W\ Static long-context QA

overestimates real agent
memory

Systems that perform well on recall
benchmarks often degrade when
information arrives incrementally and

must later support interdependent
decisions or actions.

Static QA misses the action gap

60
§ 80 g\:
Y o
5 60 %40
g 40 8
g §20
@ 20 ”n

0
01 2 3 4 5 6 1. 2 3 4 5 6 7 8
@K @K

(a) Bundled Web Shopping @k (b) Group Travel Plan@k
100

8

(o]

o
=]
o

»
o

Success Rate (%)
[«2]
o
oy
o

Success Rate (%)
3

N
o

N
o

04 04 2 3 4 5 6 7 B
@K K

(c¢) Progressive Web Search@k (d) Formal Reasoning @k

el LC: GPT-5.1-mini ww={J===  LC: Claude-Sonnet-4.5
= = Mem: MemGPT —=

RAG: Text-
Embedding-3-Small E RAGHemORAG

= Mem:MemO-g

Source: MemoryArena, Fig. 3.
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Existing Findings and Insights ll: Cost and the Action Gap

06 No method masters all competencies

A Current agents do not master
all memory competencies
simultaneously

Accurate retrieval, long-range
understanding, updates/conflict
handling, selective forgetting, and
continual improvement remain
uneven across systems.

method masters all competencies

AR(M  TILM  LRUM SFM Aw(®)
GPT-5-mini (400K) 74.4 48.6 “ 53.0 60.6
BM25 60.5 44,5 35.6 25.5 41.5
Qwen3-Emb-4B 54.7 45.1 37.0 16.0 38.2
HippoRAG-v2 - 65.1 35.8 36.2 29.5 41.6
MIRIX (4.1-mini) 63.0 35.7 40.5 11.5 37.7

Source: MemoryAgentBench, Table 3 (exact reported averages).
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Current Evaluation Gaps I: Diaghosis and Realism

K& Black-box outcomes, weak\

system-level diagnosis

EM/F1/ROUGE or task success alone cannot
distinguish failures in representation, extraction,
retrieval, update, or final generation.

Need module-level signals and gold

(A) Recall-Only

/" Static QA remains over-\

represented

Many benchmarks separate memorization
from action and do not test whether memory
changes later decisions, tool calls, or
environment interaction.

e@a What did I say about the project yesterday? ] @? @ Kﬁ}
2 Write  Maintain Re‘rneve Use
Past Interactions / Memory B ST Al St
S Y el
Mon Tue Wed : AT
Project Scope Budget Risk List ( Only Final Q ask J
Updated. Approved. Shared.

e v
@ H No dynamic interaction (o)

(C) Chat-Like, Low Pressure

¥
What did I do @ Let me think >
befor'e XXX? back to the xx

Observe
\,

com & o ©

-—

xFixed human designed

A No lifecycle evaluatior

(D) WorldMemArena (ours)

————

@ Constructed world
Act ) ‘

Observe  Act Tools Environment >tafe Interaction
Changes
x No rich multimodal and environmental singals V4 Lifecycle # Multimodal

Webpage File Image

Conversation Tools

#Action-World

( Need memory-to-action protocols. }/

(B) Lacking Ln‘ecycle level Diagnosis A)

Synthetic Long-
Horizon Worlds

= Persona/
Project State

Planned Sessions

@ Attachments

Timeline

Reconstructed Real-
Agent Worlds

@ Observation-Action
Trajectory

[ pa—
J Screenshots

9 Tool / UI Actions

memory is under-tested

input misses this process.

@ Incremental and evolving \

Real memory is continuously written, merged,
revised, and forgotten; one-shot long-context

Need streaming histories and

\[ controlled updates.

€  segment Window

Sessions or Local Windows

Session N-1
1
\ 4
Session N
1
1
A 4
Session N+1
1
A4
Session N+2

e’ Construct QA Checkpoints @ Update + Deduplicate

Midway + Final QA
[ Recall ][ Update

[ Conflict ] [ Non-exist

]<—Q

Redundancy
) =©

[Cross -step ][ Visual ] 4_@ — B - 0(_

Merge, Revise, Remove

Y

@ extract Memory
Create Gold Memory Points

1 1 1

1 1 1

\ A ¥
W awa..
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Current Evaluation Gaps ll: Deployment and Governance

@:. Incomplete environmerh /g Cost and scalability are\ /G Governance and adjudicatio\n\
coverage not standardized remain immature

Text conversation dominates; multimodal Index construction, query latency, update Deletion, access control, provenance, auditability,
observations, GUI state, code, databases, cost, storage growth, tokens, concurrency, and judge calibration lack standard tasks and
web pages, and tool logs remain unevenly and maintenance are rarely measured reproducible protocols.

represented. under a common protocol.

Need cost-utility and SLO- Need governance probes and

\[ aware reporting. } \[ calibrated judging. }/

Need heterogeneous, persistent}

\[ environments.

01 Multimodal and GUI environments 02 Cost and scalability 03 Governance and adjudication
s = = N
(c) Checkpoint Construction
90 Cognee, { CheckpointC1 ! { CheckpointC2 : {CheckpointCs |
—'ﬂ Short-Term Memory Plug-and-Play Framework Hands-free Evaluator MemoryOS 3 { as_of_turn_id = 1047 ;  as_of_tum_id = t151  as_of_turn_id = nse
:— Memory-Intensive Task Suite ! \Memory-Specialized Metrics | 80 A Zep Local 9 9 °
Memory Agent Rule-based ! 4 appcrossing spans \«H,/- B Fessaic | Avorago sip R0 9 _._.-Q_-o—.-o-.——.—_...—>
Multitum Context o History | 2Brealwordapps [ - .; s ~ 701 MemTree
Action-Thought ) CESeECe ) W .'gh m £ v v v
' T 60 \ - N
@ What did I do before this step? 1 fa_m,al,w_m,dfefﬂ,ﬂ:os_ - . —— 3 X Utility =] Access Control ﬂ Active Forgemng
p2 - LightMem A-MEM F Que ek Que Que
; MemGUi-Bench g %0 o £ ” - ”
Mobile GUI Agent = ;Long Cox £t {0 « «
= + r v
gy £ 40 e 5 "na i Patient Elena”,
@ What did I do before this task? Overall Performance on MemGUI-Bench 11 Agents 3 @ )' ol ) ; ‘patient”
- —— e Z 5 MemoChat o aue cauerys I havo the other d"'qluary": “Whatwasthe
il nt. Give me Eler t
6 Long-Term Memory -l 6 Research Questions IC-‘::::';‘S‘I: G Pa k | ive me .::m ary callbacl
: i B / _ l rm B :p"'""'y""“ ot mix lhem ";‘::c:el‘ztp:;;imm"
Failure Experience ' Success Experience i - 5 Distinct Failure 20 4 B Vo ) ‘"!'“.“k o jpon] X
Pitfall Constraint . Shortcut  Tip | / Modes o ofoss. patient
e B B Emb RAG
Incorrect Pattern Successful Pattern S R T TS S SR e ] S T
£ S LA & Implications 10° 10! Expected action: Expected action: Expected action:
Avg. operation latency/query (s, log scale)
( answer ) Qefusc or answer_rcdaclcd) Cno_memory)
(a) Cost-Effectiveness Frontier =
- Annotation Package:
E judge_spec + leak_targets + expected_action
MemGUI-Bench, Fig. 1 Are We Ready for an Agent-Native Memory System?, Fig. 11(a) GateMem, Fig. 2(c)
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Question to Ask:
What about the Future?

Gaps & Future

162



Future Opportunities

From Black-Box Scores to Diagnostic Evaluation

End-to-end accuracy cannot identify the failing memory component

(- B
Current (-\\ Future
) ) :
\ Final scores only ’m Gold evidence and state traces
Limited error attribution Module-level metrics and ablations
Benchmark-specific reporting Standardized failure taxonomies
' Calibrated, reproducible judging
Black-box Evaluation (End-to-End) Diagnostic Evaluation (Component-Level)
~H-B-©- ' o
H = — (o) - = = - &~ [~ [«I8
Query Agent Memory Answer Final Score Query Agent Extraction Storage Retrieval Maintenance Diagnosis
System Report
High-level score hides where the failure happens. @ Traces & Evidence @ Per-Module Metrics @ Failure Taxonomy @ Reproducible Judging
NS J
What diagnostic evaluation looks like
v - 7 N / — - =
Input ? 1. Extraction 6%15 2. Storage Q 3. Retrieval C 4. Maintenance _ Diagnosis Report
Query Gold Evidence Gold State Gold Evidence Gold State After Update Overall Score Failure Attribution
Q: What did | see f 7 i = \ 2
at the z0o? | saw elephants. Fact stored: | saw elephants. ( Fact remains valid. ? Extraction v Pass
* L J | saw elephants. L ) *
h Storage ~—  Warni
Metric Metric Metrics Metrics 52% '5%6 . .
Context / History Extraction F1 State Consistency Recall@K / MRR Update Accuracy Q Retrieval X Fail (Root Cause)
1 went to the zoo C Maintenance X Fail
@ and saw elephants. {
e 0.80 0.60 0.25 0.40 Root Cause: Retrieval failure
(Pass) (Warning) (Fail) (Fail) The correct evidence was not retrieved.
\ L — S-S | & b/

[ @ Opportunity: build evaluation harnesses that output both a score and a causal diagnosis of memory failure. J 163




Future Opportunities

@ From Static QA to Memory-Driven Action A'I_A From Accuracy-Only to Cost-Aware Evaluation

Interdependent tasks, tool use, GUI control,
R i S Current  Quality scores without deployment budgets Future Latency, storage, update cost, tokens,

Current  Recall questions and isolated sessions Future 5
and experience reuse scalability, and normalized utility

Isolated QA

@—)%—)8—)@

Cost-Aware Evaluation

O+8+CZ+®+[n |-

Memory-Driven Action !

8¢ |
. 0 ‘ ) E
- Tools =%

R og,

: 1 | | Latency Storage Update Tokens  Scalability Normalized |
Question LLM Agent Memory Answer | Goal Agent 200 = Task : | Quality | Utility i
5 Outcome | | Score e 4|
! GuI/ ! . Costs Ignored : Quelt (A ) !
i ; i i | uality (Accuracy i
! S ; | | | Normalized Utility = |
i e e e g5 Cost (Latency + Storage + Update + Tokens) !
"""""""""""""""""""" i Experience Reuse i i L8 :
l. ______________________________________________________ /', ‘\ _______________________________________________________________________ J
9 From Single-User Retention to Governed Memory 2  From Fragmented Benchmarks to Unified Protocols
Current: iAssumeailisteisdiinfornatishicamaines udable Future Access control, deletion, provenance, audit, Current  Different data, judges, budgets, and system adapters Future Shared harnesses, calibrated adjudication,
and conflict-aware validity and comparable scorecards
------------------------- ‘ g Rt P e R e N R e R A R | Fragmented Landscape
Unrestricted Memory : Governed Memory : | g i : Unified Evaluation Protocol ‘

Benchmark A Benchmark B = Benchmark C

. ; 8 =3 ; 8 8 8 =) Benchmark Shared Calibrated Standardized Comparabl i
i - = => Q i :] = => = \ | I ' => :Q | Data Data Data i : Pool Harness Judge Budgets & Scorecards | |
i i 8 > > > Adapters

> |

‘ i = 1
‘ All Memory Agent Users / Access Memory Deletion & Audit & l l l ' 8 @ :aa —0 - I] []U
: Agents Control Right to Provenance | ] 7 ©—o- ] i
| i Judge X Judge Y Judge i
No access control I Be Forgotten ‘ i

: No deleti | ‘ : i) |
| ; g edl-:n t & J || ‘Oudostia Budgut Dodosay ; | ° Same tasks, same protocol, different systems !
| o audi ! { |

Adapter P Adapter Q Adapter R

Conflict Detection & Resolution ° Comparable, reproducible, and scalable evaluation
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Takeaways: A Closed-Loop Evaluation Story

2\ [
Vv = a Tasks
o« o=
«/ @  Four memory functions
with concrete agent scenarios
|i Extraction

@ Storage

Q Retrieval

U‘ Maintenance E

Example Scenarios

¢ Personal assistant

¢ Software engineering agent

Data / analytics agent

Tool / research agent

9 Metrics

Performance, retrieval,

robustness, and cost

Task Performance

¢ Accuracy / EM
* F1/ROUGE-LF1

* Task Success Rate

Retrieval Quality
¢ Recall@K

* Support Rank Score

Update Robustness
¢ Update Accuracy
« Conflict Resolution

* Forgetting Compliance :

Efficiency & Cost

¢ Latency / Time Cost
+ Storage Cost

* Token / AP| Cost

* Support Evidence Match

7

‘ e Platforms

&

Explicit protocols
that connect tasks
and metrics

Protocol Components

@ Dataset & Environment

Agent / Memory System

Interaction Protocol

Evaluation Script

Judging & Metrics

Reporting Format

~N

=
v

4

0 Findings

Architecture, evidence,

cost, and action lessons

What Works
* Effective designs

* Strong components
* Good trade-offs

What Fails

« Common failure modes

* Bottlenecks

* Root causes

Actionable Lessons

¢ Design guidelines

* System improvements :

* Deployment advice

e Future

Diagnostic, interactive,
scalable, and
governed evaluation

Diagnostic Evaluation

Component-level

failure diagnosis

00 Interactive Evaluation
Human-Al collaboration

and feedback

Scalable Evaluations

Large-scale, automated
and reproducible

Governed Evaluation
Privacy, safety,

and compliance

g g Wem o o e e i Wt el s S e e
T Continuous Feedback & Iterative Improvement
/ The goal is no longer only to ask whether a model answered correctly.
© o o e 2o B
The goal is to determine whether the memory system is reliable, K_/ updatable, 3238 scalable, safe to reuse.
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Open Problems

dAgentic Memory Workflow

dMemory Categorization
« Short-Term Memory

* Long-Term Memory

dMemory Management

» Operators

« Safety Management

dMemory Storage
» Text-Level Storage
* Model-Level Storage

* Index Layer

dExisting Memory Systems
Evaluation

1Open Problems

Memory Application Layer

Observation

f(%)\ Conversation Q Planning Action @

User Agent Tools Environment
Conversation/Trajectory Context Engineering
Memory Layer Memory Management Layer
Short-Term Memory Operators
@;) (@\ Extraction Update
~
Context State Retrieval Compression
Long-Term Memory Forgetting Consolidation
Episodic Memory Conflict Detection Reflection
Procedural Memory
Semantic Memory Safety Management
Personal Memory Access Control Privacy Protection

Memory Storage Layer

Text-Level Storage Model-Level
Storage

S=x % glee K

Graph Hierarchical )i Files  Vector Buffer ; ©000)
3 ST R (0000
|:| Structured D Semi-Structured - Unstructured) Latent State

Database Key Value

Index

Content-based ! Attribute-based | Structure-based | Parameter Routing | Latent-State Lookup
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Open Problem: (1) Multi-Agent Memory Consistency

[0 How to guarantee the consistency of multi-agent memories

Multi-Agent Memory Consistency
[Q Capabilities]
Agent A [awere <)

D auth.py

( 2% Roles

Edmng Flle </> Agent B
: , Shared Memory | (™) cache.py .
def login(user): , | def get_user(uid): ‘
1 user.is_active: g ‘: " return cache[uid] '
return True ! E : -
f - - ! | Assumption: Assumption: | ! Eima
- ol > i | User mustbe # Users remain | !
=5 ; active incache | !

; 1 ‘ Semantic Conflict g
5 Private Memory (Agent A) : ° Private Memory (Agent B)
? z “FA1 "p1 W "A1 Sy s e LY =Sl a @ 4 &

2 =g == a : <-. Publlshed / Shared Abstractions ! puge a=ga=
<[> </> </> Y @ - £

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, @ -I % e

. (( )) t3 ® ® 6 o @
a <4-> :.%“" A >
Conflict Detection

t2 / o0 0 o \ *
t1 / o o @ r\ i /
Visibility & Authority Snapshots & Staleness
: Private Memory (not shared)

@ Shared Memory (visible to all)

Trust & Resolution
Published Abstractions O i
o rawiiclone) -_a Provenance / Ownership

Poisoned-Memory Prevention Consistent Snapshots
(Trust & Safety) Over Time
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Open Problem: (2) Collaborative & Governed Memory

O Shared and Collaborative Memory Governance

« Define ownership and scope across users, projects, and organizations
« Manage multi-agent writes, reuse and conflicts
« Support access control, privacy, provenance, and audit

ROLE-BASED ACCESS CONTROL

S ®One a8 = _— W sc
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Open Problem: (3) Memory Security, Privacy, and Poisoning

O How to guarantee the privacy and security of memories

Memory Security, Privacy & Poisoning

[ A Persistent Poisoning ]

-
—

0 Persistent
B Upload logs " '
externally
Untrusted Input  gymmarization ‘ Later Deployment Malicious Endpoint
I
- i, ', ‘
|

Vs o W
W O"O\»

i

Data vs. Instructions | Trust & Provenance Isolation & Prlvacy Taint & Deletion

4
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Open Problem: (4) Memory and Continual Learning

[0 Agent memory should allow behavior to improve over time, but
storing past experience does not guarantee learning.

Memory & Continual Learning
 EETETERS [ Polcy Improvement

- Performance Explore
\
|€ ? \\;\

)\

Action ‘\f) ‘\7 P L= L)
Ve

Y 1 ! } oK
v ‘ v ) ARk % m B
. : v 4 =
e o .
~ \ | b b
S Si Fails S .ps
L uccess uccess ailure uccess Lsarned froms (unsafe) G it /’- Q Verified . A
but not copied to behavior \&7

=5 Trajectory —> Experience —> Policy Improvement __
Update Mechanism Retain Knowledge Causal Attribution Explore Safely
Smen & = '
Q = < — 2
> i *hAk ’L it 5
Prompt  Rule Book Skill Model v - (5?\0 » I {\‘ ,7"\ ‘J\/u}
Setings N“‘l — e _..i.n.__ \)} @
Choose Update Type ¢ N O ol +2 4% & @

[I:I @ T * S Attributed Impact
Prevent Catastrophic Forgetting nI:rg:it Eva%:a(e ) us:rf:g“s 1 O



Open Problem: (5) Multimodal and Embodied Memory

O Embodied agents must remember more than language:
Multimodal & Embodled Memory
5\7.2122?\\ i I L Cup in kitchen” } Rnameofaiion: |

*<> | Depth \
) eo

Grounded Object Memory

Map ,,___'
N

Object ID 3D Position Darramcas { #9E4BTD3F

DL

Demonstration ’ #7F3A1C28 (1.23,0.48,0.76) m
: <> <
Visibility Graspability
Uncertainty: = = [B=aSIETSO— . |
(Aleatoric/Epistemic) = = = = =» \
| |

W)CupA 7 @CupB

@ | &

Visible Graspable
VS A

High Uncertainty

@-©®-¢-- Low Uncertainty

#7F3A1C2B #9E4B7D3F
Cross-Modal Alignment Dynamic Environments Action-Aware Compressnon Identity & Uncertainty
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Thanks!

.
=3

>
f A
Slides: Kttps://dberoup.cs.tsinghua.edu.cn/ligl/activities.html
Data+Al Paper List: ittps.//github.com/code4DB/LLM4DB

System. https.//github.com/TsinghuaDatabase Group/Unify
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