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INTRODUCTION

Building Al agents that can remember, learn, and adapt has become critical for creating compelling
user experiences in 2025. This guide provides practical, implementation-focused insights for technical
founders and startup developers who need to make informed decisions about memory frameworks
without getting lost in academic research.

Key Takeaways:
¢ Memory is fundamentally different from RAG (Retrieval-Augmented Generation)
e MemO leads the production-ready space with 26% better accuracy and 91% lower latency
¢ Framework choice depends heavily on your existing stack and use case
¢ Implementation can range from 15 minutes (MemO cloud) to weeks (custom solutions)
e Common pitfalls can be avoided with proper planning and architecture decisions

Beyond marketing buzzwords, memory has become the defining layer separating short-term
“chatbots” from truly agentic systems. Persistent context enables agents to reason over time, adapt
their behavior, and develop continuity of understanding.

This report distills hundreds of hours of research, community benchmarks, and implementation trials
into a practical field guide. It's written for builders who care less about papers and more about
production: which frameworks actually work, what trade-offs they hide, and how to choose a memory
architecture that scales with your product rather than against it.

R
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INTRODUCTION: THE MENORY PROBLEM {

Despite exponential progress in model size and reasoning capability, modern large-language-model
systems remain effectively amnesic. Each interaction begins as a blank slate: the model ingests a
prompt, performs pattern-matching within its finite context window, and discards everything upon
completion.
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delivers sharp insights in meetings
yet forgets every conversation the
moment the call ends. That is the
operational state of today's most
advanced LLMs.

From Context to Continuity

Context refers to transient input i.e. text within a model's current attention window. Memory, in
contrast, implies information that persists across invocations, can be selectively recalled, and changes
over time.

This transition from context-based reasoning to memory-based reasoning marks the most significant
architectural shift since attention itself. Retrieval-Augmented Generation (RAG) extended context by
allowing external look-ups, but RAG remains stateless; it does not remember who queried or why.

True memory introduces continuity: a persistent substrate of facts, preferences, and experiences that
can be updated, forgotten, or summarized. Between 2023 and 2025, the industry pivoted from
extending context windows to building systems that think across sessions.

Continuity Spectrum: From Stateless to Autobiographical Agents

Stateless Contextual Persistent Agentic Autobiographical
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The absence of memory carries tangible costs.
1.User Experience Cost - Every session resets trust. Users must restate goals, context, and
preferences. Personalization becomes impossible.
2.Computational Cost - Each message re-uploads redundant context tokens, inflating latency and
expense.
3.Cognitive Cost - Without continuity, agents cannot plan, self-correct, or refine strategies over time.

Empirically, teams report that 70-90% of tokens in production conversational systems are re-
consumed context, not new information. This is the functional equivalent of paying rent on the same
thoughts every day.



DISTINCTION: AI MEMORY VS RAG

Before diving into frameworks, it's crucial to understand that memory and RAG solve different
problems:

RAG (Retrieval-Augmented Generation):
e Retrieves external knowledge on demand
Stateless - doesn't persist between sessions
Great for: Q&A systems, document analysis, knowledge lookup
Example: "Find information about Python decorators in our docs"

Memory Systems:

Persist and evolve user-specific information

Stateful - remembers across sessions

Great for: Personalized agents, conversational Al, adaptive systems

Example: "Remember that Sarah prefers morning meetings and dislikes small talk"

Why This Matters
The confusion between RAG and memory has led many startups down expensive, ineffective paths. A
true memory system enables:
e Personalization at scale: Each user gets a tailored experience
Context preservation: Conversations pick up where they left off
¢ Learning and adaptation: The system improves based on interactions
Relationship building: Users feel understood and valued

Dimension RAG Memory

Purpose Access external information Maintain internal continuity

State Stateless; every query independent Stateful; accumulates across time
Knowledge Source Static corpus Dynamic, user-specific narrative
Temporal Awareness None Tracks recency, decay, evolution
Update Mechanism Manual re-indexing Autonomous summarization / merging
Personalization Shared for all users Tailored per agent or individual
Mutation Risk None - immutable Present - requires reconciliation logic
Cost Curve Linear per query Declining - context reused efficiently

In simple terms: RAG answers questions; memory remembers who asked them and why.

Without persistence, agents remain informationally repetitive: they restate answers, lose continuity of
intent, and never improve through interaction. With memory, they begin to demonstrate cognitive
momentum i.e. the ability to connect earlier reasoning with new evidence, producing behavior that
feels reflective rather than reactive.
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CURRENT MEMORY LANDSCAPE (2025) d

Mem®

Managed, production-ready memory-as-a-service with hybrid vector+graph
storage. Super strong at accuracy/latency/cost with minimal setup; weaker on
deep customization and transparency of consolidation heuristics. Best for:
startups/teams that want a fast, reliable memory layer without owning infra.

Letta (MemGPT)

0S-style, hierarchical core vs archival memory with agent-driven
reads/writes. Excels at autonomy and fine-grained control; 1lags on p95%
latency and operational simplicity. Best for: researchers and advanced teams
exploring self-managing, long-conversation agents.

LangGraph

Workflow/state graph where memory is part of the orchestration fabric. Great
at multi-agent persistence and explicit state control; underperforms on
conversational recall quality out of the box. Best for: LangChain users
building complex, production workflows that need shared, durable state.

A-MEM

Research-grade, self-evolving memory graph with autonomous 1linking/decay.
Strong on reasoning/interpretability research; heavy, costly, and immature
for prod. Best for: labs and R&D teams studying adaptive/agentic memory.

Zep AI

Next-gen MaaS with built-in benchmarking (DMR) and multi-tier recall. Shines
on retrieval accuracy and compliance tooling; adds backend complexity and
frequent updates. Best for: product teams needing state-of-the-art long-term
recall with measurable SLAs.

LlamaIndex Nemory

Document-centric memory fused directly into the indexing/RAG graph.
Excellent for traceable, document-grounded continuity; slower and less
autonomous for chatty agents. Best for: knowledge-heavy assistants that must
cite and persist across large corpora.

Semantic Kernel HNMemory

Modular, pluggable memory abstraction for enterprise orchestration. Great
interoperability and SDK ergonomics; limited “agentic” behavior and backend-
dependent performance. Best for: .NET/Azure-leaning teams wiring memory into
broader pipelines with governance/telemetry.



MEMO — THE PRODUCTION MEMORY LAYER
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Overview

MemO represents one of the most mature and production-ready memory frameworks available in
2025. Developed by Memo0.ai, the system is designed to serve as a memory-as-a-service (MaaS) layer
that integrates seamlessly with existing LLM applications. Unlike research-driven or prototype
frameworks such as MemGPT or A-MEM, MemO focuses on operational reliability, cost efficiency, and
integration simplicity, making it the preferred choice for startups and enterprises deploying real-world
Al agents.

At its core, MemO abstracts the complexity of memory management (extraction, summarization,
retrieval, and consolidation) into a single managed API, enabling developers to focus on agent logic
rather than memory plumbing.

Architecture & Design
MemO's architecture is built around a hybrid vector-graph memory store, designed to preserve both
semantic proximity and relational context:

User Input - Extractor - Memory Consolidator - Vector/Graph Store
vy Summarizer v Temporal Index » Audit Log

Extraction Layer: Identifies salient facts, preferences, and relationships from conversation or
document streams using embedding-based and heuristic methods.

Consolidation Layer: De-duplicates overlapping facts, merges related entities, and maintains
temporal relevance scores.

Hybrid Store:
e Vector memory captures semantic similarity for retrieval.
e Graph memory preserves relationships (e.g., “User A — prefers = morning meetings").
Retrieval Engine: Uses ranked retrieval (cosine + recency + importance weighting).
API Layer: Exposes simple CRUD-like methods (add, search, update, delete) for developers.
MemO is stateless at runtime but persistent at the API layer, meaning each user_id or agent_id retains

evolving memory objects across sessions. Memory decay and summarization occur asynchronously to
maintain sub-second response times.

Capability Description

Hybrid Vector-Graph Stor. Fast semantic retrieval + relational reasoning.

Memory Consolidation Automatic merging/summarization to prevent redundancy.
Asynchronous Decay Backgr. summarization so memory size remains bounded.
Privacy & Auditability Built-in delete/export endpoints for GDPR compliance.
Latency Optimization <600 ms typical retrieval latency via Redis caching.

Cross-Agent Context Supports shared or hierarchical memory across agents.


https://mem0.ai/

Integration Ecosystem

MemO exposes SDKs for Python, TypeScript, and Go, with plug-ins for:
LangChain / LangGraph memory adapters

Autogen & CrewAl connectors

Redis & Postgres backends

n8n / Airflow nodes for workflow automation

This makes it highly interoperable across stacks and suitable as a drop-in replacement for ephemeral
memory buffers.

Limitations

¢ Limited Customization: Memory policies (decay, summarization thresholds) are mostly fixed in the
managed service.

e Opaque Consolidation Logic: Some internal merging heuristics are not open-sourced, limiting
interpretability.

e Vendor Lock-in Risk: Switching costs arise if large memory graphs are stored exclusively in Mem0Q's
proprietary format.

¢ Not Ideal for Research Use: Fine-grained control over storage or retrieval weights is restricted.

Ideal Use Cases

Personalized chatbots and customer support agents

Virtual assistants with persistent user profiles

Workflow agents with evolving task context

Enterprise LLM deployments prioritizing compliance and cost efficiency

Criterion Rating (1-5) Notes
Ease of Integration API-first, 15 min setup
Stability Deployed in =200 production apps
Documentation Clear API docs + code samples
Community Growing Discord + 0SS repo
Privacy / Compliance Delete/export endpoints
Extensibility Graph schema extensible
Verdict
Managed, production-ready memory-as-a-service with hybrid

vector+graph storage. Super strong at accuracy/latency/cost with
minimal setup; weaker on deep customization and transparency of
consolidation heuristics.

Best for: startups/teams that want a fast, reliable memory layer
without owning infra.



LETTA/MEMGPT — THE OPERATING-SYSTEM MEMORY MODEL oL
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Overview

Letta, the commercial evolution of MemGPT, reframes memory management for LLM agents through
an operating-system-inspired architecture. Where MemO positions itself as a managed service layer,
Letta focuses on self-governing memory orchestration within the agent process itself.

It divides memory into hierarchical layers: core memory (RAM-like, ephemeral) and archival memory
(disk-like, persistent), and empowers the model to move information between these tiers
autonomously.

This model allows agents to function as miniature “cognitive operating systems,” dynamically
allocating, caching, and discarding information in response to context and task demands.

Architecture & Design
Letta’s design mirrors the OS-level memory stack found in modern computing:

User Interaction - Reasoning Loop - Memory Manager

"4 N
Core Memory Archival Memory
(Active) (Long-Term)
BN A

Summarizer & Indexer

Core Memory Layer - Transient working memory maintained in the context window (similar to RAM).
Contains recent dialogue, goals, and intermediate state.

Archival Memory Layer - Long-term storage for facts, preferences, and summaries persisted outside
the context window.

Memory Manager Agent - Supervises read/write operations between layers, deciding what to retain
or evict based on recency, salience, and user importance scores.

Indexer & Summarizer - Periodically compresses long threads into abstractions stored in archival
memory for retrieval via semantic similarity or keyword keys.

Sleep-Time Compute (Offline Refinement) - During idle periods, Letta performs asynchronous
memory optimization and summarization to improve retrieval speed and reduce token costs.

Capability Description

Core (RAM) vs Archival (Disk) analogy enables
scalable long-term context.

Hierarchical WMemory Management

The agent decides when to promote or demote
information between layers.

Autonomous NMemory Novement

Memory operations (read_memory(), write_memory(),
forget()) are LLM-accessible tools.

Function-Call Interface

Background summarization and optimization when
agent is idle.

Sleep-Time Compute

Agent can self-update its “identity file,”
evolving style and preferences over time.

Editable Persona Store

Supports external connectors (Postgres, Redis,

Plugin Interfaces
Milvus, or custom vector stores).


https://www.letta.com/

Integration Ecosystem
¢ Native bindings for LangChain, CrewAl, Autogen.
e Storage backends: Redis, Postgres, Weaviate, Milvus.
e SDK support for Python and TypeScript.
e Community extensions for Anthropic and OpenAl tooling.
¢ Integration adapters for Letta Cloud (memory-as-plugin mode) or self-hosted deployments.

Limitations
e Performance Overhead: The hierarchical architecture introduces latency in read/write operations.
e Operational Complexity: Requires manual tuning of memory thresholds and decay rules.
Inconsistent Persistence: Long-term storage depends on external backends; no native redundancy.
Steep Learning Curve: Developers must understand Letta’s memory hierarchy to use it effectively.

Ideal Use Cases

e Autonomous research agents needing self-reflection and goal tracking.

e Conversational assistants that evolve their persona over time.

Experimental multi-agent systems testing inter-agent memory exchange.
Academic and enterprise labs requiring fine-grained control of memory logic.

Criterion Rating (1-5) Notes

Ease of Integration Requires custom setup and memory policy
config.

Stability Actively maintained but frequent API
changes.

Documentation Comprehensive conceptual guides, limited

production examples.

Community Large researcher base (from MemGPT legacy).

Privacy / Compliance Depends on backend chosen (self-managed).

Extensibility Highly modular and research-friendly.
Verdict

0S-style, hierarchical core vs archival memory with agent-driven
reads/writes. Excels at autonomy and fine-grained control; lags
on p9% latency and operational simplicity.

Best for: researchers and advanced teams exploring self-
managing, long-conversation agents.



LANGGRAPH — THE WORKFLOW-CENTRIC MEMORY FRAMEWORK ./
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Overview
LangGraph extends the LangChain ecosystem by introducing persistent state management and
structured memory orchestration across multi-agent workflows.

Where Mem0 emphasizes managed persistence and Letta focuses on agent self-reflection, LangGraph
situates memory within graph-structured workflows—treating each node as a stateful component and
each edge as a transformation pipeline.

It is designed for engineers who already use LangChain and want long-running agents capable of
maintaining context, goals, and inter-agent coordination without external state servers.

Architecture & Design
LangGraph's architecture formalizes memory as part of the computation graph, unifying task flow,
state persistence, and contextual recall:

USER INPUT - GRAPH CONTROLLER - NODE EXECUTION - MEMORY STORE
T

STATE CONTEXT / NAMESPACE

Graph Controller - Orchestrates node execution order and passes state objects between them.
State Context - A persistent key-value structure that stores intermediate results and agent state.

Memory Manager - Handles creation, retrieval, and update of stored context per namespace (e.g.,
user_id, thread_id).

Storage Backends - Configurable connectors for Redis (sub-ms reads), Postgres, or vector databases
(Milvus, Chroma) for semantic recall.

Namespace Isolation - Ensures multi-tenant or multi-agent environments remain logically separated
while still enabling controlled cross-namespace sharing.

This modular design allows developers to model entire multi-agent systems as state graphs—each
node with its own short-term and long-term memory scopes.

Capability Description

Two-level persistence: per-conversation (thread)

Thread-Scoped vs Global NMemory
and cross-session (global).

Hierarchical key-value domains enable fine-grained

Namespace-Based Organization . )
memory isolation.

Redis, Postgres, Chroma, Weaviate, or custom

Multi-Backend Support
memory providers.

Redis integration delivers 0.3-0.8 ms average
latency on cached lookups.

Sub-Millisecond Retrieval

Memory accessible at any graph node for stateful

Composable llorkflows
tool or agent operations.

Integration with LangChain Full compatibility with chains, tools, and
Ecosystem callbacks.


https://www.langchain.com/langgraph

Integration Ecosystem
¢ Native LangChain Integration - seamlessly interoperates with chains, tools, and callbacks.
¢ Redis Plugin - built-in for high-speed storage and semantic search capabilities.
e Vector Store Adapters - Chroma, Weaviate, Milvus for semantic queries.
e Graph Persistence - supports checkpointing and replay of workflow states.
¢ Observability Hooks - memory operations exposed via LangSmith and OpenTelemetry.

Limitations
e Dependent on LangChain Ecosystem: Not ideal for stand-alone use cases.
No Native Semantic Summarization: Relies on external tools for compression or decay.
Limited Autonomy: Agents don't decide what to remember; developers do.
Complex Debugging: State graphs can become opaque without robust logging.

Ideal Use Cases

e Complex multi-agent systems with workflow dependencies.

e Enterprise LLM platforms needing consistent state across sessions.
Data-intensive processes where agents exchange intermediate results.
Hybrid RAG + Memory architectures requiring state visibility and control.

Criterion Rating (1-5) Notes

Ease of Integration Drop-in for LangChain users.

Stability APIs still evolving post-2025 beta.
Documentation Strong conceptual docs, limited advanced

examples.

LangChain user base = high adoption

Community potential.

Privacy / Compliance Depends on chosen backend.

Extensibility Custom memory managers easily implemented.
Verdict

Workflow/state graph where memory is part of the orchestration
fabric. Great at multi-agent persistence and explicit state
control; underperforms on conversational recall quality out of
the box.

Best for: LangChain users building complex, production workflows
that need shared, durable state.



A-MEM — AGENTIC MEMORY EVOLUTION
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Overview

A-MEM (Agentic Memory Evolution) is a research-grade framework that treats memory not as a fixed
store but as a living cognitive substrate. Developed in early 2025, A-MEM introduces an autonomous
self-evolving memory graph in which each new experience dynamically reshapes existing knowledge
through semantic linking and relevance weighting.

Rather than relying on explicit developer-defined operations (store, retrieve, summarize), A-MEM
agents decide what to remember, connect, and forget based on internal salience models. This design
pushes toward self-organizing, continuously learning agents, a step beyond deterministic memory
management frameworks like MemO or LangGraph.

Architecture & Design
A-MEM's architecture centers on multi-representation memory nodes that evolve through both
structural and semantic updates:

PERCEPTION - ENCODING - MEMORY NOTE GENERATOR
v VECTOR EMBEDDING » TEXTUAL SCHEMA ~ GRAPH LINK UPDATER
v » A-MEM GRAPH STORE
» RELEVANCE FEEDBACK LOOP

Memory Note Generator - Transforms raw inputs into composite “notes” containing structured
attributes (entities, relations) + embedding vectors for similarity.

Dual Representation Store - Each note exists as both text and vector, enabling exact lookup and
semantic clustering.

Evolution Engine - On each insertion, the engine computes cross-note similarity, generates new links,
and updates weights; obsolete or low-utility notes decay automatically.

Temporal Index - Maintains event chronology for episodic recall.
Relevance Feedback Loop - Uses reinforcement signals from task success or user feedback to
promote or prune nodes.

Capability Description

New experiences trigger graph rewiring and
summarization automatically.

Autonomous Evolution

Each memory integrates symbolic (text) and vector

Multi-Representation Storage
(embedding) forms.

Relevance weights adjusted through feedback or
goal outcomes.

Reinforcement-Driven Decay

Semantic proximity and shared attributes create or
merge nodes dynamically.

Link Generation & lMerging

All nodes timestamped - chronological episodic
queries.

Temporal Awareness

Every memory trace and link is inspectable (why a

Explainable Memory Graph
recall occurred).


https://github.com/agiresearch/A-mem

Integration Ecosystem

e Reference implementation in Python (research license only).

e Experimental backends: Neo4j, ArangoDB, or Weaviate for graph persistence.
Optional connectors for LangChain and AutoGen via custom memory adapters.
Visualization tools for memory graphs (Gephi, NetworkX).

Limitations

e Experimental Stage: Not production-ready; requires custom infrastructure.
Latency and Cost: Graph mutation on every write is computationally expensive.
Limited Ecosystem Support: Few integrations beyond research context.
Sparse Tooling: Lacks comprehensive monitoring or observability stack.

Ideal Use Cases

¢ Research into autonomous learning and memory evolution.

¢ Prototyping adaptive LLM agents with self-modifying knowledge bases.

¢ Cognitive architecture studies linking symbolic and neural representations.
Experimental simulations of “memory plasticity” in LLM agents.

Criterion Rating (1-5) Notes

Ease of Integration Prototype-level interfaces.

Stability Rapid research iterations; no LTS release.

Documentation St?ong academic paper, limited developer
gquides.

Community Small research group + early adopters.

Privacy / Compliance No native deletion API yet.

Extensibility Graph schema open and customizable.

Verdict

Research-grade, self-evolving memory graph with autonomous
linking/decay. Strong on reasoning/interpretability research;
heavy, costly, and immature for prod.

Best for: labs and R&D teams studying adaptive/agentic memory.



ZEP AI — DEEP MEMORY RETRIEVAL FOR AGENTS
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Overview

Zep Al (released 2025) represents the newest generation of production-grade, open-source memory
layers purpose-built for long-context LLM agents. Its design goal is to combine the robustness of
MemO-style persistence with the recall accuracy of research-grade frameworks such as A-MEM.

Zep introduces the Deep Memory Retrieval (DMR) benchmark, a standardized suite for evaluating
cross-session recall and factual consistency, and demonstrates measurable gains in both precision
and latency against earlier systems.

Zep positions itself squarely in the Memory-as-a-Service 2.0 category - fully managed if desired, but
still developer-friendly and self-hostable, balancing performance, transparency, and interoperability.

Architecture & Design
Zep's architecture integrates episodic, semantic, and contextual memory tiers within a single API:

USER INPUT - EVENT EXTRACTOR - ZEP MEMORY ENGINE
v VECTOR STORE v CONTEXT INDEX » SUMMARY GRAPH
v SCORING & DECAY ENGINE

Event Extractor - Transforms raw inputs into structured “events” with actor, action, object, and
timestamp fields.

Vector Store Layer - Handles semantic similarity search for contextual recall (default: Qdrant or
Weaviate).

Context Index - Maintains short-term conversation state for immediate reference.
Summary Graph - Links semantically related events to form evolving thematic clusters.
Scoring Engine - Applies relevance, recency, and confidence weighting for retrieval prioritization.
Decay Mechanism - Uses adaptive half-life based on access frequency — older, low-utility events
compress or fade.

Capability Description

Built-in evaluation harness for measuring recall &

DMR Benchmark Integration
factual consistency.

Episodic (events), semantic (vectors), contextual

Multi-Tier Memory Stack
(index) tiers for hybrid retrieval.

Auto-generate abstract summaries for dense
clusters - reduces token load.

Self-Summarizing Clusters

Time-aware + use-based decay maintains constant

Adaptive Decay memory size

Combines BM25 + embedding scores for higher
recall.

Search Fusion

GDPR-ready delete/export endpoints + per-namespace

Privacy-First Design
encryption.


https://www.getzep.com/

Integration Ecosystem

e SDKSs for Python, TypeScript, and Go.

¢ LangChain and Autogen memory adapters.

¢ Prebuilt Docker images for self-hosting (Qdrant + Postgres).

¢ n8n and Airflow nodes for workflow automation.

¢ Native Zep Cloud offering with auto-scaling and usage dashboards.

Limitations
e Complex Backend Stack: Default setup requires vector DB + relational DB.
Limited Autonomy: Does not include agent-driven memory decisions (e.g., forget logic).
Rapid Feature Iteration: Frequent updates can break APl compatibility.
Proprietary Analytics Module: Performance dashboard not open-sourced yet.

Ideal Use Cases

LLM platforms needing high-accuracy long-term recall.

e Conversational assistants with cross-session personalization.

Enterprise agents with compliance and audit requirements.

Developers migrating from MemO who need deeper retrieval or benchmark visibility.

Criterion Rating (1-5) Notes

Ease of Integration Simple API; drop-in for MemO users.

Stability Enterprise deployments with SLA support.

Documentation Excellent API and benchmark docs.

Community Growing but smaller than LangChain.

Privacy / Compliance Best-in-class GDPR tools.

Extensibility Open schema; custom backends supported.
Verdict

Next-gen MaaS with built-in benchmarking (DMR) and multi-tier
recall. Shines on retrieval accuracy and compliance tooling;
adds backend complexity and frequent updates.

Best for: product teams needing state-of-the-art 1long-term
recall with measurable SLAs.
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Overview

Llamalndex Memory (formerly GPT Index Memory) extends the core Llamalndex framework—Ilong
recognized for retrieval-augmented generation (RAG)—into the realm of persistent, structured agent
memory.

Unlike MemO or Zep, which treat memory as an independent layer, Llamalndex Memory integrates
directly into the indexing and retrieval graph that underpins an agent's entire knowledge base. Its
primary strength lies in bridging document-level knowledge and conversational context, allowing
agents to recall, synthesize, and modify information originally sourced from long-form data.

Architecture & Design
At the heart of Llamalndex Memory is a unified Index Graph + Memory Store model:

USER QUERY - RETRIEVER - INDEX GRAPH - MEMORY NODE - RESPONSE SYNTHESIZER
v DOCUMENT STORE ~ CONTEXT BUFFER

Index Graph - Hierarchical graph of documents, nodes, and embeddings (the same structure used for
RAG operations).

Memory Nodes - Dedicated sub-nodes that record conversational facts, decisions, or reflections;
these can reference document nodes directly.

Context Buffer - Short-term working memory maintaining recent exchanges for continuity.

Memory Store - Persistent backend (SQLite, Postgres, Chroma, Weaviate) for serialized memory
objects.

Retriever Fusion - During query time, both document and memory nodes are jointly scored and
surfaced.

Capability Description

Memory nodes coexist with document embeddings

Unified RAG + NMemory Index
inside the same index graph.

Automatically chooses between document retrieval,

Hierarchical Query Planner
memory recall, or both.

Each memory is a Pydantic schema (fact / summary /

Structured NMemory Objects
reflection).

Temporal Context Buffer Maintains dialogue continuity across sessions.

SQLite, Postgres, Chroma, Weaviate supported
natively.

Multi-Backend Persistence

Developers can attach custom Memory Nodes to any

Composable Graph Nodes
Index Graph branch.


https://www.llamaindex.ai/

Integration Ecosystem
e Works with LangChain, Autogen, and CrewAl via adapters.
¢ Backends: Postgres, Chroma, Weaviate, Milvus, FAISS.
e Cloud connectors for Pinecone and Zilliz.
e Optional integration with OpenAl Assistants and Anthropic Claude via MemoryContext bridge.
e Supports GraphQL and REST APIs for external memory manipulation.

Limitations
e Performance Overhead: Retrieval passes through both index and memory layers.
Limited Autonomy: No built-in decay or self-optimization logic.
Token Load: Context fusion can inflate prompt sizes.
Best for Knowledge Tasks: Not optimized for fast dialogue memory loops.

Ideal Use Cases

¢ Knowledge-based agents needing long-term cross-document memory.
Legal, financial, or research assistants referencing archived materials.
Enterprise knowledge bases requiring traceable memory provenance.
Academic RAG systems with evolving contextual understanding.

Criterion Rating (1-5) Notes

Ease of Integration Simple for existing LlamaIndex users.
Stability Stable core, frequent feature updates.
Documentation Extensive guides and examples.

Large open-source base & active

Community . .
maintainers.
Privacy / Compliance Depends on backend.
Extensibility Custom schemas and retrievers supported.
Verdict

Document-centric memory fused directly into the indexing/RAG
graph. Excellent for traceable, document-grounded continuity;
slower and less autonomous for chatty agents.

Best for: knowledge-heavy assistants that must cite and persist
across large corpora.
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Overview
Semantic Kernel (SK), developed by Microsoft as part of its open-source orchestration framework for
LLM agents, treats memory as a composable capability rather than a single monolithic store.

Where MemO, Zep, and Llamalndex build dedicated persistence layers, SK focuses on extensibility and
modular composition—providing developers with plug-and-play “memory connectors” that unify
embedding, retrieval, summarization, and reasoning through a consistent abstraction.

Its memory subsystem functions as a middleware layer that connects cognitive functions (skills,
planners, semantic functions) with external data stores, aligning closely with the principles of “Al
middleware for enterprise orchestration.”

Architecture & Design
Semantic Kernel implements a pluggable memory abstraction:

USER INPUT - SEMANTIC FUNCTION - MEMORY PLUGIN
v EMBEDDING GENERATOR ~ MEMORY STORE » RECALL FUNCTION

Memory Plugin Interface - Defines standardized operations (save_information, search, get, remove)
callable by any semantic or native function.

Embedding Generator - Uses OpenAl, Azure, or local models to convert text into vectors (1536-3072
dimensions).

Memory Store Connectors - Plug-in adapters for Redis, Pinecone, Qdrant, Chroma, or in-memory
stores.

Recall Function - Contextually retrieves past information ranked by cosine similarity or metadata
filters.

Planner Integration - The retrieved memories can directly inform SK's goal-oriented planners and
skill chains.

Capability Description

Plug-in architecture supporting multiple vector

Modular Memory Connectors
DBs out of the box.

Common interface across embeddings, retrieval, and
skill functions.

Unified API

Memory recall automatically extends the agent’s
semantic context.

Context Enrichment

Memories can be shared across different semantic

Cross-Skill Sharing
skills.

Enables memory-aware goal decomposition and task

Integration with Planners .
sequencing.

C#, Python, JavaScript, and TypeScript

Language-Agnostic SDKs ) .
implementations.


https://devblogs.microsoft.com/semantic-kernel/

Integration Ecosystem

¢ Native integration with Microsoft Copilot Stack, Azure Al Services, and OpenAl API.

e Supported connectors: Redis, Qdrant, Chroma, Pinecone, Cosmos DB, and PostgreSQL.
¢ Fully interoperable with LangChain, Llamalndex, and Autogen via custom bridges.

e SDKs and notebooks maintained under the official semantic-kernel GitHub organization.
¢ Integrated telemetry via Azure Monitor and OpenTelemetry for production tracking.

Limitations
¢ Not Autonomous: SK does not include self-deciding memory policies (no decay, summarization, or
evolution).
¢ Backend-Dependent Performance: Quality and speed vary across configured stores.
¢ Limited Cognitive Features: No reinforcement feedback or memory graphing.
e Token Context Ceiling: Still bound by LLM context limits unless developers build external loops.

Ideal Use Cases

e Enterprise orchestration of LLM workflows requiring modular memory injection.
Developers integrating Al features into existing .NET or Azure ecosystems.

Hybrid pipelines combining RAG, reasoning, and planning across multiple services.
Teams prioritizing stability, auditability, and modular expansion over cognitive autonomy.

Criterion Rating (1-5) Notes
Ease of Integration Simple SDKs and clear abstractions.
Stability Maintained by Microsoft; reqular releases.
Documentation Strong conceptual docs and samples.
Community Active open-source contributors.
Privacy / Compliance Enterprise-grade via Azure stack.
Extensibility Designed explicitly for modular extension.
Verdict
Modular, pluggable memory abstraction for enterprise
orchestration. Great interoperability and SDK ergonomics;

limited “agentic” behavior and backend-dependent performance.

Best for: .NET/Azure-leaning teams wiring memory into broader
pipelines with governance/telemetry (likely corporates).



“Memory is the scribe of the soul”

Aristotle
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