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ABSTRACT
Multi-agent systems for enterprise automation is an intelligent solu-
tion for a ubiquitous problemwith threemain objectives, robustness,
efficiency and explainability. First, we study robustness in terms of
automation procedures for similar tasks by aiming towards a con-
struction of a hierarchical task decomposition with dynamic agent
management system. Secondly, we study the concept of efficiency
through reinforcement learning based algorithms for fine-tuned
refinements of agent utilization and parametric optimization. Lastly,
we investigate the concept of explainability by building evaluation
suites for agents evaluation on both syntactic and semantic lev-
els. The expected contributions include theoretical foundations for
efficient orchestration and practical evaluation tools, advancing
deployment of production-ready multi-agent systems.
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1 INTRODUCTION
Enterprise automation has evolved from Process Automation [4]
through Robotic Process Automation (RPA) [1, 11], which intro-
duced structured workflows but remained labor-intensive and brit-
tle [5], to contemporary Agentic Process Automation (APA) [12, 19,
21], where Large Language Models (LLMs) orchestrate workflows
[2, 3, 15]. LLM-based multi-agent systems (LaMAS) [9, 10, 14, 20]
are now getting used to solve complex tasks such as supply chain
management [6], clinical decision support [18], and robotic coordi-
nation [16] by distributing specialized roles across multiple agents.

However, these LaMAS systems fundamentally coordinate ho-
mogeneous LLM-based agents through prompt engineering and
role definitions, unable to orchestrate truly heterogeneous agent
types, such as CNNs for vision, LSTMs for time-series analysis
and more within the unified workflows. Recent advances introduce
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trainable planningmechanisms [13], yet lack task oriented semantic
grounding: the ability to understand task requirements, coordinate
diverse computational agents, and verify outputs against domain
constraints. Without comprehensive evaluation frameworks, these
systems cannot ensure reliability in mission-critical applications
such as manufacturing, healthcare, and autonomous systems.

My PhD research focuses on building a custom neurosymbolic
orchestration where we integrate neural adaptability with symbolic
reasoning to coordinate heterogeneous multi-agent systems [7]. In
particular, we focus on developing a framework that decomposes
high-level objectives into semantically coherent sub-tasks, con-
structs executable workflows coordinating heterogeneous agents,
and enables continual learning through iterative refinement. The
evaluation framework is designed to employ semantically-aware
metrics for composite AI systems.

We analyze and investigate the problem domain across three
interconnected dimensions:

(1) neurosymbolic orchestration mechanisms for heterogeneous
agent coordination.

(2) comprehensive evaluation frameworks assessing orchestra-
tion quality at workflow and agent levels.

(3) policy-based optimization for continual improvement of
agent selection and workflow generation.

Our research has addressed the architectural mechanism for neu-
rosymbolic orchestration and extends a community wide accepted
evaluation metrics. We support our investigation through expert
validations in manufacturing and finance domains. We are currently
studying the creation of symbolic planners for task decompositions
and integrating the first version of the evaluation suite, and plan to
address the policy-optimization and expansion in future works.

2 MULTI-AGENT ORCHESTRATION
Orchestration Mechanisms. Current approaches coordinate ho-
mogeneous LLM-based agents through role differentiation and
prompting strategies. AutoGen [20] enables programmatic multi-
agent workflows, MetaGPT [9] assigns role-based specialization,
and recent work introduces trainable planning. However, these sys-
tems cannot integrate heterogeneous computational agents within
unified workflows, nor provide formal correctness guarantees. We
developed a neurosymbolic orchestration framework integrating
neural adaptability with symbolic reasoning. Task planning decom-
poses objectives through iterative loops where a neural planner
proposes decompositions as directed acyclic graphs and a sym-
bolic verifier validates against plan ontologies. Workflow orches-
tration constructs executable workflows by coordinating agents
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through constrained operators (sequential, branch, aggregate) and
dual protocols for data-agent and inter-agent communication. It-
erative improvement employs four feedback mechanisms: agent
hyperparameter tuning, active learning over knowledge and data,
workflow-level meta-learning, and ontology-guided plan refine-
ment.

Evaluation Frameworks. Existing evaluation approaches fo-
cus on task completion and basic coordination metrics, lacking
assessment of semantic correctness, interpretability, and domain
alignment. Drawing from C3AN [17], we are developing a compre-
hensive evaluation suite assessing reliability, consistency, causal
reasoning, grounding, and explainability at both agent and work-
flow levels. Comparative evaluations against AutoGen and Agent-
Flow across manufacturing and finance domains will identify which
metrics predict deployment reliability.

Validation and Publications.We validated core components in
smart manufacturing, coordinating time-series models, CNNs, and
retrieval systems for multimodal anomaly detection. This work has
been accepted for oral presentation at AAAI 2026 LaMASWorkshop
[7] and a system demonstration at AAMAS 2026 [8].

3 RESEARCH OBJECTIVES
My PhD research aims to establish neurosymbolic orchestration as
a foundational paradigm for reliable, interpretable multi-agent sys-
tems in mission-critical enterprise applications. This overarching
goal encompasses three interconnected research objectives:

RQ1: How can neurosymbolic orchestration mechanisms
coordinate heterogeneous agent types while ensuring seman-
tic correctness? Current orchestration approaches handle homo-
geneous LLM-based agents but cannot integrate diverse compu-
tational components (neural networks for perception, symbolic
reasoners for cognition, time-series models for temporal analy-
sis) within verified workflows. This research objective investigates
the design principles for orchestration frameworks that leverage
symbolic reasoning to verify workflow correctness while enabling
neural components to adapt to task requirements. Key challenges
include defining compositional semantics for heterogeneous agent
interactions, ensuring deterministic coordination without central-
ized communication, and scaling verification to complex enterprise
workflows.

RQ2: What evaluation frameworks can comprehensively
assess multi-agent orchestration quality across semantic, op-
erational, and alignment dimensions? Existing metrics focus
narrowly on task completion or basic coordination measures, fail-
ing to capture critical properties such as semantic grounding, in-
terpretability, causal reasoning, and alignment with domain con-
straints. This objective develops a comprehensive evaluation suite
that assesses orchestration at both workflow and agent levels, in-
corporating metrics for reliability, consistency, explainability, and
safety. The challenge lies in operationalizing abstract properties
like "semantic correctness" into measurable metrics and determin-
ing which evaluation dimensions most strongly predict system
reliability in deployment.

RQ3: How can policy-based optimization enable continual
improvement of orchestration decisions for agent selection
and workflow generation? Multi-agent orchestration inherently

poses a multi-task learning challenge where the system must si-
multaneously learn effective task decomposition, optimal agent
selection, and efficient workflow composition. This objective inves-
tigates reinforcement learning approaches for jointly optimizing
these decisions through experience, developing mechanisms for
workflow-level meta-learning and adaptive agent selection. Key
questions include how to structure the optimization problem to
balance exploration of new orchestration strategies with exploita-
tion of proven patterns, and how to transfer learned orchestration
knowledge across different enterprise domains.

These three objectives are deeply interconnected: effective or-
chestration mechanisms (RQ1) require robust evaluation to guide
improvement (RQ2), while policy-based optimization (RQ3) de-
pends on comprehensive metrics to assess orchestration quality.
Together, they form a coherent research program toward trustwor-
thy multi-agent systems for enterprise applications.

4 WORK PLAN
Phase 1: Neurosymbolic Orchestration Framework Develop-
ing three-stage architecture: (1) task planning with symbolic verifi-
cation via iterative neural-symbolic loops, (2) workflow orchestra-
tion coordinating heterogeneous agents through constrained oper-
ators (sequential, branch, aggregate), and (3) iterative improvement
infrastructure with four feedback mechanisms. Position paper on
core orchestration design accepted at AAAI 2026 LaMASWorkshop;
demonstration of agent coordination mechanisms under review at
AAMAS 2026. Current work focuses on completing implementation
of all orchestration components and expanding validation beyond
initial smart manufacturing scenarios to establish generalizability
across enterprise domains.

Phase 2: Comprehensive Evaluation Framework. Devel-
oping multi-dimensional evaluation suite operationalizing C3AN
principles (14 principles including reliability, consistency, causal
reasoning, explainability, etc.) into workflow-level and agent-level
metrics. Implementing baseline measures, conducting comparative
evaluations against AutoGen and AgentFlow across manufacturing
and finance domains. Phase complete when evaluation library en-
ables standardized assessment and identifies which metrics predict
deployment reliability. Metrics guide Phase 3 optimization design.

Phase 3: Policy-Based Continual Improvement. Investigat-
ing policy gradient methods for joint optimization of task decom-
position, agent selection, and workflow composition. Developing
workflow-level meta-learning to transfer orchestration patterns
across domains and centralized training with decentralized execu-
tion for agent coordination learning. Testing continual improve-
ment mechanisms in manufacturing and process automation with
Phase 2 metrics assessing impact on system reliability and inter-
pretability.
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