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ABSTRACT
Recent advances in large language models (LLMs) have led to the
emergence of autonomous agents as a transformative paradigm for
building intelligent AI systems, integrating reasoning, planning,
tool use, and interaction capabilities to tackle complex, open-ended
tasks. Despite their growing sophistication, most agents remain
stateless, lacking the ability to retain, organize, and reuse past ex-
periences, which limits their personalization, long-term adaptation,
and lifelong learning. To address this limitation, agentic memory
has emerged as a critical area of research, equipping agents with
mechanisms to store, retrieve, update, and exploit information from
prior interactions, reasoning trajectories, tool executions, and envi-
ronmental feedback. From a data management perspective, agentic
memory shares similarities with database systems but also presents
opportunities for integration, enhancing query functionality, bridg-
ing structured and unstructured data, and optimizing execution
efficiency through historical insights. This synergy between agentic
memory and databases amplifies the capabilities of autonomous
agents and redefines the role of databases in adaptive, intelligent
data systems. In this tutorial, we systematically review agentic mem-
ory systems from a data management perspective. We introduce
the workflow and architecture of agentic memory systems. We sum-
marize their operators, storage, and optimization techniques. We
also highlight open research challenges, aiming to inspire further
innovation and progress in this exciting field.
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1 INTRODUCTION
Recent advances in large language models (LLMs) have driven
the rapid emergence of autonomous agents as a transformative
paradigm for building intelligent AI systems [22, 25, 28]. By inte-
grating reasoning, planning, tool use, and interaction capabilities,
these agents have shown immense potential in addressing com-
plex, open-ended tasks [21, 24, 35]. However, despite their growing
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Figure 1: Overview of DataManagement for AgenticMemory.
sophistication, most existing agents remain fundamentally state-
less [26, 30] – processing each task or interaction in isolation, with
little ability to retain, organize, or reuse past experiences over time.
This lack of memory severely limits their ability to personalize,
adapt over the long term, and engage in lifelong learning [4, 12].
Without mechanisms to accumulate experiences, reflect on past fail-
ures, or refine behavior across interactions, their potential for true
autonomy remains constrained. To overcome this limitation, agentic
memory has emerged as a critical area of research [8, 32]. Agentic
memory equips agents with the ability to store, retrieve, update,
and utilize information from prior interactions, internal reasoning
trajectories, tool executions, and environmental feedback [27]. This
enables agents to build a dynamic repository of knowledge, moving
far beyond simple context buffers or append-only logs.

From a systems perspective, 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.
However, integrating agentic memory with database systems intro-
duces a transformative opportunity [34]. While databases excel at
storing and indexing structured data, the rise of LLMs and semantic
analytics demands more flexible and dynamic memory manage-
ment. Agentic memory complements databases by enhancing query
functionality – enabling natural language queries with contextual
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memory, dynamic query plan refinement, and semantic reasoning
across structured and unstructured data sources. Additionally, it
improves execution efficiency by leveraging historical insights to
optimize query pipelines and reduce computation costs.

The integration of agentic memory and databases not only am-
plifies the capabilities of autonomous agents but also redefines the
role of databases in adaptive, intelligent data systems. This synergy
highlights a pressing need for the database community to advance
agentic memory techniques. In this tutorial, we introduce the foun-
dational techniques of agentic memory and aim to inspire further
innovation at this exciting frontier. We systematically examine
agentic memory systems from a data management perspective, as
illustrated in Figure 1, with the goal of providing participants with
a comprehensive understanding of the field and highlighting key
research challenges for advancing agentic memory capabilities.
Tutorial OverviewWe will give a 1.5-hour tutorial.
Part I: Agentic Memory Workflow (20 minutes). The first part
presents a system view of agentic memory. We describe how the
memory system handles conversation and trajectory, constructs
memory-augmented context for response generation, and main-
tains stored memories through a set of lifecycle operators. This
perspective highlights agentic memory as a dynamic mechanism
for organizing, updating, and reusing information over time, rather
than a static store of interaction history.
Part II: Memory Categorization. (10 minutes). The second part
organizes agentic memory into short-term and long-term compo-
nents, and further decomposes long-term memory into episodic,
procedural, semantic, and personal memory. This categorization
clarifies memory functions and lays the foundation for discussing
memory management and storage mechanisms.
Part III: Memory Management. (30 minutes) The third part
covers two main aspects of agentic memory management: memory
operators and safety management. For memory operators, we focus
on existing implementation techniques of these operators. We then
discuss access control and privacy protection in safety management,
which are increasingly important as memory becomes persistent,
shareable, and reusable across users and agents.
Part IV: Memory Storage. (15 minutes) The fourth part reviews
the major storage formats used in existing systems, covering textual
memory (structured, semi-structured, and unstructured) and model-
level memory.
Part V: Existing Agentic Memory Systems. (10 minutes)We
provide a comprehensive discussion of existing memory systems
and summarize their techniques, including Mem0, MemOS, etc.
Part VI: Open Problems. (5 minutes)We conclude the tutorial
by discussing open challenges and unresolved problems.
Target Audience and Learning Outcomes. The intended audi-
ence includes VLDB attendees from both academia and industry
who are interested in data management and agentic memory. Our
tutorial will be self-contained and accessible.
Related Tutorials. There has been no related tutorial in database
conferences, and this is the first of its kind. We emphasize that
agentic memory is fundamentally a data management prob-
lem and advocate for the database community to pay attention to
this field and explore the open challenges in this exciting area.

2 TUTORIAL OUTLINE
2.1 Agentic Memory Workflow
Memory Input. During interactions between a user and an agent,
a significant amount of information is generated, some of which
may be valuable for future interactions and is worth recording in
memory. When a user provides input, it is first routed through
the agentic memory system instead of being sent directly to the
agent. We define the external exchanges between the user and
the agent as the conversation, and the agent’s internal execution
states – such as intermediate reasoning, tool calls, task progress,
and environmental feedback – as the trajectory. These two types
of information serve as the primary inputs to the memory system.
Memory Output. The raw input to the memory system is tem-
porarily stored in short-term memory as part of the current interac-
tion context [11, 14]. This input is asynchronously transformed into
long-term memory using memory operators. The memory system
then retrieves relevant memories from both short-term and long-
term memory [16, 33]. The retrieved information are integrated
with the original input using context-engineering techniques, cre-
ating a memory-augmented context. This enriched context is then
passed to the agent, ensuring that the response generation is in-
formed by both the current input and relevant historical memories.
Memory Maintenance. Without proper management, agentic
memory can become inefficient, inconsistent, and overloaded due to
the accumulation of redundant, outdated, or conflicting information.
To address these challenges, memory management employs various
operators to extract key information from inputs, as well as to insert,
update, delete, and organize memories efficiently. These operators
work together to ensure that agentic memory remains functional,
organized, and aligned with the needs of the user-agent interaction.

Given a conversation or trajectory, an extraction operator is
first applied to identify and derive atomic memories from short-
term memory. An atomic memory is the fundamental storage unit
in agentic memory systems – a minimal, self-contained piece of
information extracted from a conversation or trajectory that rep-
resents a single, reusable data point. Next, the memory system
applies a retrieval operator to search the existing memory store
for related memories. Based on the retrieved results, an update
operator is invoked to determine how the newly extracted atomic
memories should be incorporated into the memory store. The de-
cision is guided by conflict detection between the new atomic
memories and retrieved ones. Depending on the results of the con-
flict detection, the system selects an appropriate strategy, such
as inserting the new memory, merging it with existing ones, or
deleting redundant or inconsistent memories [2, 30]. To maintain
the coherence and consistency of the memory system, the conflict
detection operator is periodically applied across the entire memory
space to identify and resolve any inconsistencies. Once inserted into
the memory store, memories enter a long-term maintenance stage.
The consolidation operator organizes existing memory items into
coherent structures by identifying, establishing, and maintaining
explicit relationships among them. The forgetting operator re-
moves memories that are no longer necessary, thereby limiting
memory growth and preventing the accumulation of outdated or
low-value information [33]. For memories that are less important
but still above the removal threshold, a compression operator



can condense their content, reducing storage while retaining es-
sential information [26]. A reflection operator analyzes existing
memories to uncover latent relationships and derive higher-level
knowledge [9]. This process transforms isolated memory items into
more structured, generalized, and reusable representations.

2.2 Memory Categorization
According to CoALA [20], agentic memory can be categorized
into short-term memory [7] and long-term memory, based on the
temporal scope and functional role of stored information.
2.2.1 Short-Term Memory. Short-term memory, often aligned with
the concept of conversational context, primarily stores information
relevant to the ongoing user-agent interaction. This includes di-
alogue context, the agent’s current task state, the progression of
active tasks, intermediate reasoning steps, tool invocation states,
and other transient execution signals. By retaining this informa-
tion, short-term memory allows the agent to construct memory-
augmented contexts that capture the critical elements of the im-
mediate interaction. This ensures the agent does not lose track of
the current context and supports the generation of coherent and
contextually appropriate responses. Short-term memory is typi-
cally volatile, meaning it is continuously updated as the interaction
evolves. It serves as a temporary workspace for the agent, facilitat-
ing real-time processing and responsiveness during the interaction.
2.2.2 Long-Term Memory. Long-term memory stores information
that persists across interactions, enabling cross-session reasoning,
knowledge accumulation, and personalized adaptation. Drawing
from the classical distinctions in cognitive science, long-term mem-
ory is further categorized into episodic memory, procedural mem-
ory, and semantic memory. Additionally, personal memory is a
distinct category focused on storing user-specific information.
Episodic Memory. Episodic memory records concrete interaction
episodes and execution trajectories, capturing what occurred in
specific situations and how the agent responded [1, 16]. It provides
a basis for experience-driven reasoning and supports the retrieval
of past outcomes to inform current decision making.
Procedural Memory. Procedural memory stores reusable task
procedures, behavioral patterns, and action policies [7, 15, 27]. By
encoding procedural rules and operational strategies, procedural
memory enables the agent to perform tasks efficiently and replicate
learned behaviors across different contexts.
Semantic Memory. Semantic memory encodes abstracted knowl-
edge, facts, and generalized concepts acquired from interactions [2,
18, 33]. By serving as a durable repository of world knowledge and
domain-specific concepts, it supports accurate concept understand-
ing and mitigates errors or drift over multiple interactions.
Personal Memory. Personal memory is a dedicated memory mod-
ule that retains user-specific information, such as preferences, habits,
interaction patterns, and long-term constraints [5, 11, 33]. It enables
long-term personalization by supporting user-aware reasoning.

2.3 Memory Management
2.3.1 Memory Operators. The operators govern memory manage-
ment and collectively maintain the lifecycle (see Table 1).
Extraction. Early agentic memory systems often adopt raw trace
logging, directly storing unprocessed interaction traces, typically in

Table 1: Summary of operators and key techniques.
Operators Key Techniques
Extraction Raw trace logging, LLM-based summary, structured extraction.
Update Append-only, rule-driven, LLM-based, RL-based.

Retrieval ① Retrieval methods: text-based, structure-based.
② Post-retrieval processing: filtering, re-ranking, etc.

Consolidation Similarity index, typed relation, hierarchical relation.

Forgetting ① Trigger conditions: capacity constraint, retention threshold.
② Utility-based deletion: temporal, usage, importance, validity.

Compression Single-item compression, multi-item compression
Conflict
Detection Rule-based, LLM-based judgment on similar pairs.

Reflection Abstraction: declarative knowledge, procedural knowledge.

file systems [14, 16, 33]. This strategy introduces substantial storage
overhead and makes memory retrieval difficult. To improve usabil-
ity, subsequent approaches prompt LLMs to summarize the raw
input into salient facts, decisions, or task-relevant information [2, 3].
More structured methods further define explicit memory schemas
and extract typed fields or relations, enabling more effective mem-
ory management, retrieval, and downstream reasoning [2, 16].
Update. A basic strategy is append-only, in which newly extracted
memories are directly appended to the memory store. Instead, some
approaches first check whether a memory item is a duplicate of
an existing one. If a duplicate is detected, the system uses the new
observation to strengthen or refresh the existing memory [29]. This
design primarily reduces redundancy but does not explicitly address
contradictions between new and old memories. A more advanced
approach treats an update as a conflict-aware write operation. The
system first invokes a conflict detection operator. Based on the
detection results, the system applies an appropriate update action.
Conflict Detection. To detect conflicts, the system periodically
compares semantically related memories, followed by a consistency
check. This check is typically performed through rule-based valida-
tion or LLM-based judgment [2, 30]. Once conflicts are identified,
the system invokes the update operator to resolve them.
Retrieval. The implementation of the retrieval operator is highly
dependent on the storage model (see Section 2.4). When memories
are stored in structured formats, retrieval can leverage the explicit
organization of the underlying data model. Database-based storage
supports SQL-style querying [6], while graph-based storage enables
relation-aware retrieval, where memory access can follow entity
links, multi-hop connections, or temporal dependencies encoded
in the graph [1, 16]. For unstructured memories, retrieval typically
relies on embedding similarity search. Some systems employ hy-
brid pipelines that combine dense retrieval methods with lexical
approaches like BM25, followed by a re-ranking step [16].
Consolidation. Consolidation methods differ in how they repre-
sent the relationships among memory items. Similarity-indexed
methods infer connections between memories based on embed-
ding similarity. Typed-relational methods explicitly maintain re-
lationships such as entity-based, temporal, semantic, and causal
links [10]. Hierarchical methods organize memories into nested
structures at different levels of granularity through parent–child or
group-membership relationships.
Forgetting. Forgetting mechanisms can be characterized by their
trigger conditions and deletion policies. Common triggers include
capacity overflow [14, 26] and the crossing of a retention threshold.
Once triggered, the forgetting operator determines which memories



Table 2: Comparison of agentic memory systems. Abbreviations: STM. = Short-termMemory, Epis. = Episodic, Proc. = Procedural,
Sem. = Semantic, Pers. = Personal, Ext. = Extract, Upd. = Update, Ret. = Retrieval, Cons. = Consolidation, Forg. = Forgetting, Comp.
= Compression, Conf. = Conflict Detection, Refl. = Reflection, Str. = Structured, Semi. = Semi-structured, Unstr. = Unstructured.

Systems
Categorization Operators Storage

STM. Epis. Proc. Sem. Pers. Ext. Upd. Ret. Cons. Forg. Comp. Conf. Refl. Str. Semi. Unstr.
Mem0 [2] ✓ ✓ ✗ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓

Mem0g [2] ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✓ ✗

xMemory [9] ✓ ✓ ✗ ✓ ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✗ ✓ ✓

Memory-r1 [30] ✗ ✓ ✗ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✓

MemLLM [13] ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✗

ChatDB [6] ✗ ✓ ✗ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ ✗ ✓ ✗ ✗

MemoryBank [33] ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✓ ✗ ✓ ✓

MemGPT [14] ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✗ ✗ ✗ ✗ ✓

MIRIX [26] ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓ ✓

ZEP [16] ✓ ✓ ✗ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓

to remove based on their estimated utility, using signals such as
recency, access frequency, importance, and validity. These signals
may be considered individually or combined into a composite score.
For example, temporal and usage-based signals may assign lower
retention scores to older or infrequently accessed memories [33],
while validity-based signals may identify and removememories that
have become outdated or been contradicted by newer information.
Compression. Methods for implementing the compression opera-
tor fall into two categories: single-item and multi-item compression.
Single-item methods employ content-level techniques, such as sum-
marization or the transformation of memory content into structured
representations, to eliminate redundant details while preserving
essential information. Multi-item methods, by contrast, consolidate
multiple related memories into a single item.
Reflection. Depending on the type of knowledge they produce,
reflection methods can be divided into two categories: declarative
and procedural knowledge abstraction. The former synthesizes
multiple memories into higher-level beliefs, patterns, relationships,
or persistent states [9, 11], whereas the latter distills task-specific
experiences into reusable strategies, workflows, rules, or skills.
2.3.2 Safety Management. It addresses the security challenges
posed by agentic memory [23]. As agent memory becomes per-
sistent and shareable across users and agents, it is crucial to explore
multi-user and multi-agent memory scenarios [5, 17], where memo-
ries can be exchanged, reused, or collaboratively maintained across
different entities. This evolution highlights the need for governance
mechanisms to regulate memory access and safeguard sensitive con-
tent. Access control determines which memories can be shared and
under what conditions [17]. Privacy protection prevents memory
content from exposing or leaking user-sensitive information [19].

2.4 Memory Storage
Agentic memory can be implemented with multiple storage formats,
which differ in their underlying memory representation, organiza-
tional structure, and support for memory operations.
Textual Memory. It adopts a human-readable format and supports
structured, semi-structured, and unstructured memory.
(1) StructuredMemory. It maintains memories in explicitly organized
forms, e.g., relational databases [6, 13]. It is particularly suitable
when memories can be normalized into explicit entities, attributes,
and relations, such as user profiles and other well-defined memory
records. By imposing explicit structure, it separates information
clearly, avoiding the mixture of textual records.
(2) Semi-structured Memory. It uses graph-based structures [1, 2, 16],
which can build indexes over entities, relations, and neighborhood

structure, thereby enabling relation-aware retrieval, multi-hop rea-
soning, and memory organization based on entity connectivity.
(3) Unstructured Memory. Unstructured memory storage can be
broadly viewed as file-based storage, where memories are preserved
as flat files rather than being normalized into relational schemas or
graph structures. This category covers both textual memories stored
in free-form or weakly structured formats, such as Markdown and
text chunks [2, 29], and multimodal memories stored as original
files, such as images, audio, or video [26].
Model-Level Memory. Parametric memory stores knowledge im-
plicitly in model parameters or latent states rather than in an exter-
nal memory store [12, 31]. Its main advantage is tight integration
with model inference, enabling low-latency access without external
retrieval. However, it is harder to query, edit, or delete precisely.
2.5 Existing Agentic Memory Systems
We conduct a comprehensive survey of existing agentic memory
systems and present a summary in Table 2.
2.6 Open Problems
We also highlight several open challenges in agentic memory, in-
cluding human-like reflective memory, real-time memory optimiza-
tion, collaborative memory across multiple agents, human-like
dreaming, and benchmarking agentic memory systems.
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