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ABSTRACT

Multi-Agent Systems (MAS) provide a natural paradigm for solv-
ing complex problems requiring coordinated, multi-step reasoning
and decision making. As these systems scale, effective agentic or-
chestration becomes crucial. While existing tools such as Agent-
Flow and Agent Development Kit (ADK) support agent communi-
cation and task delegation, they remain limited in understanding
task semantics, coordinating heterogeneous agent types (e.g., re-
active vs. cognitive), and aligning agent selection with domain
knowledge and infrastructure constraints. We present KiMO, a
knowledge-infused multi-agent orchestrator that makes coordi-
nation explicit through structured knowledge infusion: planning
ontologies encode domain-specific task decompositions, and agent
registries formalize capabilities and compatibility constraints for
heterogeneous components. KiMO operationalizes these through
a two-stage pipeline: ontology-guided sub-task planning (Plan-
Gen) and registry-guided workflow assembly (AgentGen). This dual
knowledge infusion enables interpretable, flexible orchestration
with human-inspectable coordination decisions. Our interactive
platform demonstrates real-time workflow construction for manu-
facturing pipelines with expert refinement and dynamic knowledge
extension. Code is available at https://tinyurl.com/3es9zyhj and
Demo Video at https://tinyurl.com/yfa8ctwn.
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1 INTRODUCTION

Large Language Models (LLMs) have enabled automation beyond
static rule execution, spurring interest in agent-driven workflow
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systems [1, 3, 13] and a shift from traditional RPA to Agentic Process
Automation (APA) [10, 14], where workflows are dynamically LLM-
guided. However, relying on LLMs without explicit task semantics
yields unreliable orchestration. Recent multi-agent systems (MAS)
[8,9, 12, 15] distribute roles across collaborating agents, yet orches-
tration remains implicit and tightly coupled to LLM-centric agents,
offering limited support for heterogeneous components (reactive
agents, statistical models, symbolic processes). While individual
agent reasoning has improved [2, 4], the coordination layer for task
decomposition and interaction remains a bottleneck for reliability
and human oversight as MAS scale.

Why existing tools fall short: AgentFlow [11] and AutoGen [15]
enable agent communication but lack semantic task understanding
and heterogeneous coordination, and ADK [7] supports delegation
while assuming homogeneous LLM agents that hinder integration
of specialized non-LLM components.

Our approach: We present KiMO, a sub-component of DYNO [5]
that makes orchestration explicit via Knowledge Infusion (KI) [6].
KiMO applies KI at two levels—(1) planning ontologies capturing
expert hierarchical task decompositions and (2) agent registries spec-
ifying capabilities and I/O for heterogeneous components—enabling
a two-stage pipeline where PlanGen produces ontology-grounded
sub-task plans and AgentGen assembles registry-grounded work-
flows with capability-matched agents. This supports flexible orches-
tration of heterogeneous agents (e.g., LLM-based, statistical, sym-
bolic) with human-inspectable coordination decisions (Figure 1).
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Figure 1: System Architecture
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Figure 2: Real-time workflow construction for manufacturing anomaly detection: (A) PlanGen interface accepts task description
and metadata; (B) Generated sub-task plan with dependencies; (C) AgentGen constructs agentic workflow for anomaly prediction
sub-task, showing selected agent (AnomalyPredictor) and connected tools; (D) Complete manufacturing pipeline in workflow
builder canvas with all agents and data streams; (E) Agent specification panel showing capabilities, I/O schemas, and tool
connections. Note: Users can modify at any stage as changes propagate through Verifier before integration.

2 SYSTEM OVERVIEW

KiMO infuses structured knowledge through a two-stage pipeline:
planning ontologies (Q) guide task decomposition (Stage 1), while
agent registry (R) constrains workflow assembly (Stage 2) (Fig-
ure 1).

Stage 1: Ontology-guided Sub-task Planning (PlanGen). Given
task description 7 and metadata M (Figure 2A), PlanGen gener-
ates sub-task decompositions P = sy, ..., s, where s; = (g;, m;, D;)
specifies goal, execution mode (sequential/parallel), and knowledge
dependencies. PlanGen employs a fine-tuned LLM (Llama 3.2 3B
with LoRA) conditioned on plan ontologies (Q) via retrieval aug-
mented fine-tuning (RAFT) [16]. Example: For r="detect manufac-
turing defects”, ontology Q containing hierarchical task structures
yields s;=(collect sensor data, sequential, @), s,=(preprocess signals,
sequential, D), s3=(run CNN inference, parallel, D,), and decom-
positions P are rendered on an interactive canvas (Figure 2B) where
experts can modify goals, dependencies, or execution modes.
Stage 2: Registry-guided Workflow Assembly (AgentGen).
For each sub-task s; received from PlanGen, AgentGen iteratively
constructs workflow w; = (A;, T, I;, O;, E;) specifying agents, tools,
input/output data streams, and inter-agent connections through
three registry-guided phases (Figure 1): (i) Constraint-based Fil-
tering queries agent registry R for compatible candidates Acang =
a € R | capability(a) N required(s;) # @ based on sub-task goals,
yielding w; = (A;). (i) GNN-based Scoring constructs heteroge-
neous graph G = (Vgubtask U Vagents U Viools, E) over sub-tasks, agents,
and tools, computing suitability scores via message passing over
compatibility relations and historical profiles from R, producing
w; = (A;, T;). Example: For s3=“run CNN inference”, registry R con-
tains AnomalyPredictor (type: cognitive, capability: CNN/LSTM,
input: tensor, GPU: required) and StatisticalDetector (type: reac-
tive, capability: threshold, input: scalar, GPU: false); GNN scores

AnomalyPredictor=0.89 (capability match + GPU available) vs Sta-
tisticalDetector=0.34. (iii) Beam Search (width k = 5) identifies
optimal agent-tool configurations and extracts I/O specifications
I;, O; and constructs connection patterns E; from registry metadata,
completing (A;, T;, I;, O;, E;) for a single sub-task (Figure 2C), with
a Verifier validating type consistency before integration into the
global workflow displayed in the Agentic Workflow Builder inter-
face (Figure 2D) and executed workflows logged to retrain the GNN,
enabling continuous improvement.

3 DEMONSTRATION PLATFORM

Our web-based platform enables interactive construction and exe-
cution of knowledge-infused multi-agent workflows through two
integrated views (Figure 2).

Planning View (A,B): Users input task description 7 and metadata
M to invoke PlanGen’s ontology-guided decomposition. Generated
sub-tasks render as an interactive graph displaying execution modes
and dependencies D;. The interface supports real-time modifica-
tion of decompositions and loading of custom templates, enabling
domain experts to extend ontology Q dynamically.

Agentic Workflow View (C,D,E): Selecting any sub-task s; trig-
gers AgentGen’s three-phase assembly with live visualization of
constraint filtering, GNN scoring, and beam search. Panel C displays
the generated workflow graph with agent nodes, tool connections,
and data streams for the Anomaly Prediction sub-task from the man-
ufacturing pipeline. Panel E reveals detailed agent specifications
from registry R, including the AnomalyPredictor’s capabilities, I/O
schemas, and connected tools. Users can modify workflows or con-
struct custom agents by selecting tools from registry R (Panel D
left sidebar) and defining I/O specifications. The complete manu-
facturing pipeline workflow with all integrated agents and data
streams is visualized in Panel D.
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