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Abstract. Developments in Artificial Intelligence (Al) today have
sparked growing interest in topics such as agentic workflows and
Long-Term Memory (LTM) architectures, which extend the capabil-
ities of Large Language Models (LLMs) beyond their current limi-
tations. Agentic workflows represent a significant paradigm shift by
enabling LLMs to exhibit goal-oriented behavior, decision-making,
and adaptability within dynamic environments. On the other hand,
LTM systems enable LLMs to retain and retrieve information across
multiple interactions, allowing for personalization, context-aware
reasoning, and additional functionalities. This paper elucidates two
illustrative use cases, namely the Agentic Event Planner and Mem-
oryGraph, which exemplify the integration of agentic workflows,
long-term memory, LLM switching, and related elements into cohe-
sive, hybrid Al pipelines for experimentation purposes. Implemented
on the Al-Builder platform, these prototypes benefit from modular-
ity, reusability, and a user-friendly drag-and-drop design environ-
ment, with modest orchestration complexity compared to the flexi-
bility and interoperability afforded by the platform.

1 Introduction

Large Language Models (LLMs) are leading transformative ad-
vances across domains, yet they remain limited by context window
size and the absence of persistent memory [25]. Also, standalone
LLMs cannot be used in critical domains due to hallucination and
the absence of reproducibility. These constraints hinder their ability
to support adaptive, sustainable tasks and personalized interactions.
To address these limitations, two complementary research directions
have gained traction: agentic workflows and Long-Term Memory
(LTM) architectures [6]. Together, they redefine the boundaries of
LLM capabilities by enabling systems that can reason, plan, and
learn over multiple interactions.

Agentic workflows use formal specifications like pseudocode or
structured procedures to guide LLM behavior, balancing flexibility
and compliance [22, 26]. In multi-agent and human-in-the-loop set-
tings, role-aware coordination ensures reliable execution and clear
responsibilities [4]. The Model Context Protocol (MCP) standard-
izes interactions between models, tools, and data, enhancing scal-
ability and integration [14, 5]. Complementary microservice archi-
tectures improve maintainability and interoperability using standards
like gRPC and Protocol Buffers for efficient, cross-language com-
munication [27, 17, 13, 10]. In microservices-based multi-agent sys-
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tems, agents act as independent services collaborating through pro-
tocols like MCP and A2A for seamless coordination [12].

Parallelly, LTM frameworks introduce mechanisms for context
preservation, persistent learning, and adaptive behavior. LongMem
[24] separates memory storage from computation, enabling scalable
recall and personalization, while OMNE [15] treats memory as a
foundation to self-improving Al. AIDA-Bot [18] highlights the inte-
gration potential of conversational agents with structured knowledge
graphs to support knowledge-centric reasoning and retrieval.

Multi-agentic workflows devices a shift from static prompt en-
gineering to structured, goal-oriented behavior that are capable of
decision-making, tool use, and coordination. These workflows sup-
port complex task execution with modularity and interpretability. In
parallel, LTM architectures provide persistent knowledge stores that
maintain context across sessions, allowing coherent reasoning and
personalization.

In this paper, we present two use cases, Agentic Event Planner
and MemoryGraph, that showcase how agentic and memory-driven
pipelines can be composed in practice. These are implemented us-
ing Al-Builder [2, 1], which serves as the supporting platform for
integrating and orchestrating the underlying components.

2 Platform Architecture Overview: AI-Builder

Al-Builder [2, 1] is an open platform for human-centered hybrid Al
workflows, integrating symbolic and neural-network components. As
a core element of the European Al-on-Demand Platform [3], it builds
on a customized Graphene framework [8, 9] and microservice archi-
tecture [21, 20] using RESTful APIs, gRPC, and brokers/streaming
protocols, with support for feedback loops in evolutionary Al.
Central to Al-Builder is the Design Studio, a visual environment
with a drag-and-connect interface for building Al pipelines with
reusable components (nodes) and guided connections, while remain-
ing technology-agnostic. These pipelines are structured as directed
cyclic graphs, with edges defining data flow through Protobuf mes-
sage contracts. Using protoc [11], developers generate gRPC stubs
for unary or streaming calls, enabling real-time and batch processing.
Pipeline nodes consist of model nodes (referenced by image URIs),
data brokers (for real-time input), and shared folders (for data ex-
change) that communicate through standardized Protobuf messages.

Orchestration Model: The Generic Parallel Orchestrator mediates
node communication in a three-party pattern (Node A — Orches-
trator — Node B) where nodes are decoupled and unaware of
downstream clients. This supports asynchronous, stateless interac-
tions, improving scalability and component reuse. It can handle both
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| Nodes in Agentic Event Planner
Event Planner event-planner
El rpc SendUserQuery (Empty) returns (stream UserMessage);
E2 | rpc RecvResponse (stream ToolResult) returns (Empty); h |
LLM L3 L1
Ll rpc GetUserQuery (stream UserMessage) returns (Empty);
L2 rpc GetFuncSchemas (stream FuncSchemasResponse) returns (stream
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MCP-Server-X a2 Al
Al rpc SendFuncSchemas (Empty) returns (stream FuncSchemasResponse);
A2 | rpc InvokeTool (stream ToolRequest) returns (stream ToolInvocationResult); mep-server-
web-scraper
Figure 1. Agentic Event Planner: RPC Interfaces and Connections. Illustrated with a sample MCP Web Scraping Server. Arrows are annotated with interface

references; origin/destination symbols indicate the input/output usage of each RPC message.

streaming and non-streaming communication. All microservices run
as Kubernetes pods with NGINX ingress and load balancing.

Port Semantics and Protobuf Compatibility: Models expose input
ports (white) that consume messages and output ports (black) that
emit responses. Connections are permitted only when Protobuf mes-
sage signatures match in tags, field types, and cardinality (message
names can be ignored).

Trade-offs and Benefits of AI-Builder in AI Experimentation:
With Al-Builder, the added value for Al researchers and developers
is in reducing the design and integration overhead of manually com-
bining heterogeneous Al technologies. Typically, such experiments
or workflows require custom code, custom protocols, ad-hoc orches-
tration, and integration of LLMs, which hinders reuse and adds com-
plexity. By contrast, AI-Builder enforces standardized Protobuf inter-
faces, enabling type-safe, decoupled interoperability. This simplifies
exploration of hybrid Al designs, balancing symbolic and data-driven
approaches, and reusing modules across use cases. While Protobuf
contracts require some upfront effort, the resulting scalability, modu-
larity, and faster experimentation generally outweigh these costs for
rapidly evolving workflows.

3 Agentic and Memory-Driven Pipelines
3.1 Agent-Based Coordination and Execution

As a representative use case, we introduce the Agentic Event Plan-
ner, a pipeline that enables the composition and orchestration of
multiple MCP-based tools for planning travel activities for an event.
This pipeline demonstrates coordinated interactions among an Event
Planner node, LLM, MCP servers, and tool endpoints, as shown in
Figure 2. The LLM functions as a semantic router, interpreting user
queries, identifying agent capabilities, and dispatching tool invoca-
tions accordingly. This enables distributed yet cognitively coherent
decision-making, a central capability supported by Al-Builder. The
LLMs can be switched according to user preference, and the MCP
tools can be selected as and when required, thus adhering to Al-
Builder’s flexibility and extensibility for experimenting with diverse
pipeline scenarios.

The platform employs a streaming, asynchronous architec-
ture to support real-time orchestration. User queries flow
through the SendUserQuery Remote Procedure Call (RPC),
where the LLM interprets intent, identifies the appropriate
agent_type, and dynamically selects tools by matching
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Figure 2. Agentic Event Planner pipeline in AIl-Builder showing
interactions among the Event Planner, LLM, and MCP servers.

agent-specific function schemas. These schemas are discovered
in parallel via the GetFuncSchemas and server-streaming
SendFuncSchemas RPCs. Tools are then invoked over bidirec-
tional InvokeTool streams, and structured results are received
via ToolInvocationResult messages to update the LLM’s
context. We use OpenAl’s function-calling [19] interface for tool
selection. Each MCP server runs a non-blocking gRPC server using
Python’s grpc.aio and asyncio, enabling high-throughput,
concurrent tool execution. Server lifecycles are managed asyn-
chronously to allow graceful shutdown and dynamic service
registration. This process is illustrated in the table and in Figure 1.

Message-Driven Orchestration: Communication between the
LLM and MCP servers is structured using typed, schema-driven
gRPC messages:

e FuncSchemasResponse — Advertises an agent’s tool func-
tions and JSON schemas, streamed continuously to support dy-
namic updates (heartbeat mechanism).

e ToolRequest —Encapsulates the selected tool name and JSON-
formatted arguments as invoked by the LLM.

e ToolInvocationResult —Returns structured outputs of tool
executions to augment the LLM’s contextual reasoning.

The LLM node uses agent_type ENUMs to align user intent
with agent capabilities, ensuring modular extensibility. Tool schemas
are fetched in parallel to reduce orchestration latency, and the re-
sults are used to augment the LLM’s internal state, enabling refined,
grounded responses. This design highlights AI-Builder’s support for
high-level agent composition, tool discovery, and asynchronous real-
time orchestration.
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Figure 3.

3.2 Long-Term Memory

The second use case of the paper is the Long-term memory (LTM)
for large language models that involves techniques to allow models
remember their previous conversations. These techniques help LLMs
to utilize information from various interactions beyond their trained
knowledge and context window. Exploring diverse approaches, this
use case delves into Agentic Al and StateGraph, with MemoryGraph
showcasing efficient query-driven storage and retrieval in a knowl-
edge graph.

The use case consist of StateGraph from Langchain framework,
Agentic Al, prompt engineering and Knowledge graphs in Neo4j
database. A Neo4j-based knowledge graph provides persistent, struc-
tured memory, enabling efficient storage and semantic querying
[7, 23]. StateGraph, also called as directed acyclic graphs, act as
an orchestration layer that models the control flow and decision
routes whereas Agent-based LLMs simulate autonomous behavior
via prompting techniques [16]. The proposed Stategraph acts as
a dynamic workflow that routes user queries through a sequence
of decision points and agent invoking, as in Figure 4 . It starts
by classifying the query - determining whether it intends to store
new information or retrieve existing knowledge using an internal
classify_query_router. Based on this classification, it either
routes the query to invoke the memory agent, which stores data via
neodj_database tool, or invoke retrieve agent, which attempts
retrieval via a retrieval_information tool. If retrieval fails,
the system automatically redirects the query to the invoke memory
agent path, ensuring continuity in the workflow.

The Al-Builder architecture and pipeline (Figure 3) process user
queries by routing them through neo4j-db node, where inputs are
classified as either store-type or question/statement.

e For store-type queries, the system invokes the memory agent,
which performs a factuality check. If the input is either subjec-
tive (e.g., “LLMs are amazing”) or factually verifiable (e.g., “The
sun rises in the east”) or not a question type (e.g., “Am I allowed
to save a project here?”), it proceeds to a triple and property ex-
traction phase using neo4 j_database () to store in Neo4j.

e If the input is not a store-type, the system calls the retrieval
agent, which attempts to answer the query using a primary re-
trieval process based on the existing KG schema. If that fails, it
uses a fallback retrieval mechanism with a fixed schema via re-
trieve_information().

o If retrieval still fails, the memory agent is invoked again to store
the knowledge for future reference.

Throughout this process, the agents handle execution logic and
return the final response to the user via the web interface. The inte-
gration of StateGraphs with persistent memory nodes in Al-Builder
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(Left) Architecture for the Long-Term Memory pipeline. (Right) MemoryGraph (LTM) pipeline in AI-Builder.
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Figure 4. Stategraph workflow with Agentic Al Flowchart

demonstrates structured control flow, scalable memory management,
and seamless agent execution.

4 Conclusion and Future Work

Al-Builder’s agent-based pipeline uses a microservices architecture,
where MCP servers expose modular, schema-driven tools coordi-
nated by an LLM-powered semantic router, simplifying integration
of external tools. In the memory pipeline, StateGraphs are lever-
aged as a structured orchestration layer and persistent memory nodes
for storing contextual knowledge. The system enables adaptive and
context-aware agent behavior with Neo4j as a scalable knowledge
graph backend. With Al-Builder, we demonstrate how these compo-
nents can be seamlessly composed to support intelligent use cases
like Agentic Event Planner and MemoryGraph. In conclusion, Al-
Builder reduces integration overhead, promotes reuse through stan-
dardized Protobuf interfaces, and enables adaptive, context-aware
workflows, with schema design effort outweighed by scalability. As
part of the Al-on-Demand Platform, it fosters community collabora-
tion. As a future scope, we aim to unify agent workflows and memory
systems, supporting contextual personalization and dynamic knowl-
edge retrieval within a single intelligent workflow.
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