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Abstract

Scientific discovery offers a unique pathway for AI systems to enhance their own capabilities through
the knowledge they generate. While existing AI scientist systems focus on accelerating research
within specific domains, we present the first framework for hierarchical self-evolving AI scientists that
improve through their own discoveries. Our proposed architecture features dynamically reorganizing
multi-agent systems where meta-orchestrators spawn domain specialists and task-specific AI scientists,
adapting their structure based on research needs. Critically, these systems can generate entirely
new agent types when confronting unprecedented challenges, moving beyond the limitations of pre-
designed architectures. We identify three complementary approaches to building this ecosystem with
standardized communication protocols (e.g., Model Context Protocol): human-crafted protocol-native
agents providing domain expertise, automated transformation of scientific codebases into interoperable
services, and autonomous generation of novel agents for emerging problems. Our analysis reveals
that while the first two approaches enable rapid ecosystem development, only autonomous agent
generation allows systems to transcend their initial design boundaries. We present concrete technical
milestones and implementation strategies for realizing AI scientists that continuously enhance their
discovery capabilities through the knowledge they create, establishing a new paradigm for autonomous
scientific research.

Keywords: autonomous discovery; hierarchical architectures; multi-agent systems; self-evolution;
scientific automation

Introduction
Scientific discovery represents a unique mechanism through which intelligent systems can re-

cursively enhance their own capabilities [1–3]. Each discovery becomes a tool for making further
discoveries, each breakthrough expands the horizon of the possible [4,5]. Yet current AI scientist
systems remain confined to predefined domains and fixed architectures, accelerating research within
existing paradigms but unable to create new fields of knowledge or spawn novel types of investigators
for unprecedented challenges [6].

Recent breakthroughs in AI-assisted scientific research demonstrate significant progress. The AI
Co-Scientist [7] employs multi-agent architectures generating novel biomedical hypotheses through
tournament-based evolution. The AI Scientist-v2 [8] autonomously produces complete research papers
that pass peer review in machine learning, building on foundations laid by the original AI Scientist
[4]. These systems already show emergent capabilities: self-improvement through feedback loops
[9,10], autonomous experimental design [11], and cross-domain pattern recognition [12]. Other notable
systems include ResearchAgent [13], which leverages encyclopedic knowledge for iterative idea
generation, Agent Laboratory [14], which completes the entire research process from literature review
to report writing, and NovelSeek [15], which provides hypothesis-to-verification workflows.
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Figure 1. Self-evolving hierarchical multi-agent system demonstrating autonomous scientific discovery. Meta-
orchestrators coordinate domain specialists that dynamically spawn task-specific AI scientists, while the system
autonomously recognizes the need for new research areas (Quantum-Bio-AI emergence) and forms interdisci-
plinary connections (dotted lines). This architecture transcends static multi-agent systems by evolving its own
structure as it encounters novel scientific challenges.

However, these systems share fundamental architectural limitations that prevent truly au-
tonomous discovery [16,17]. They operate at a single level of abstraction within predefined terri-
tories. The AI Scientist generates papers but remains confined to predetermined research templates.
ResearchAgent cannot modify its own investigative approach when encountering novel phenom-
ena. Even sophisticated multi-agent systems like AutoGen [18] and CAMEL [19] maintain static
role assignments and cannot spawn new agent types when facing unprecedented challenges. The
fundamental limitation is architectural rigidity: these systems excel within their designed domains but
cannot recognize when a problem requires not just different parameters but entirely different cognitive
architectures [20,21].

Recent work on automated agent design offers partial solutions but falls short of enabling true
architectural evolution. AFlow [22] optimizes workflows through code representation, achieving
efficiency gains but within predetermined design spaces. ADAS [23] uses meta-agents to program new
agents, yet these remain variations on existing templates rather than fundamentally new architectures.
Darwin [24] demonstrates self-improvement through code modification but focuses on optimizing
existing capabilities rather than creating new ones. These approaches lack the meta-cognitive capability
to assess their own limitations and create specialized agents with genuinely novel architectures [25,26].

We present a framework for self-evolving AI scientists organized in hierarchical multi-agent
architectures that continuously enhance their capabilities through the discoveries they make [16,24,27].
Unlike existing systems that operate as sophisticated tools within human-defined boundaries, our
proposed architecture can recognize when entirely new investigative approaches are needed and create
the specialized agents to pursue them [23,24,28].

What distinguishes our approach is the introduction of hierarchical self-evolution: systems that
not only optimize within their current structure but recognize when that structure itself must change
[29,30]. This requires moving beyond task-level automation to system-level adaptation, where the
discovery process itself drives architectural evolution. Through dynamic reorganization, protocol-
based interoperability, and most critically, the ability to generate entirely new agent types, these systems
can evolve their own architectures and generate new cognitive tools as they encounter the unknown
[31,32]. This paper presents the first comprehensive framework for such systems, establishing a new
paradigm where AI scientists enhance their discovery capabilities through the knowledge they create.
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Hierarchical Self-Evolving Architecture
Our proposed architecture operates through dynamic hierarchies that evolve with discovery

needs [21,33]. Unlike static multi-agent systems or monolithic models, this approach enables emergent
specialization while maintaining computational efficiency.

The system organizes as a tree structure with three primary levels. Meta-orchestrators at the
apex coordinate research programs across multiple domains, identifying patterns and opportunities
for cross-disciplinary investigation. Domain specialists manage focused research areas, spawning
task-specific AI scientists as needed. These task-specific agents conduct detailed investigations, from
hypothesis generation to experimental validation [11,34].

Critical to this architecture is dynamic reorganization. When frequently collaborating agents
identify stable interaction patterns, they may merge into unified teams. When orchestrators become
overloaded, they spawn sub-hierarchies to distribute cognitive load. When entirely new research
territories emerge, the system creates new branches with specialized agents designed for those domains
[30,35].

This hierarchical organization provides quantifiable advantages. Consider a system with n agents
organized in a tree of branching factor b and depth d. Message passing complexity reduces from O(n2)

for fully connected systems to O(n logb n) for hierarchical organization. This efficiency becomes critical
as systems scale to thousands of specialized agents [36,37].

The spawning process (Algorithm 1) enables the system to recognize capability gaps and create
appropriate agents. When confronting a novel challenge, the system analyzes whether existing agents
can address it through recombination or whether fundamentally new architectures are required. This
decision drives the generation of specialized agents with tailored cognitive capabilities.

Algorithm 1 Dynamic Agent Spawning

Require: task_requirements, current_hierarchy, resource_constraints
Ensure: updated_hierarchy

1: capability_gap← AnalyzeCapabilityMismatch(task_requirements, current_hierarchy)
2: if capability_gap.requires_new_agent then
3: agent_spec← DesignAgentArchitecture(capability_gap)
4: new_agent← SpawnAgent(agent_spec, MCP_protocol)
5: optimal_position← DetermineHierarchicalPosition(new_agent, current_hierarchy)
6: updated_hierarchy← InsertAgent(new_agent, optimal_position)
7: EstablishCommunicationChannels(new_agent, updated_hierarchy)
8: end if
9: return updated_hierarchy

Task decomposition (Algorithm 2) illustrates how the hierarchy enables efficient problem solving.
Orchestrators maintain high-level understanding while delegating specialized work, creating new
specialists when existing capabilities prove insufficient. This approach balances depth of expertise
with breadth of integration.

Protocol-Based Interoperability
Effective collaboration in our hierarchical system requires standardized communication protocols

that enable seamless interaction while preserving agent autonomy [38,39]. We adopt the Model Context
Protocol (MCP) as a foundation, extending it to support dynamic agent generation and hierarchical
coordination.

MCP operates through JSON-RPC style communication, enabling language-agnostic interaction
between agents while maintaining type safety and versioning compatibility. MCP provides several
critical capabilities for our architecture. First, it enables agents to expose their capabilities through
standardized interfaces, allowing orchestrators to discover and utilize specialized functions without
hard-coded dependencies. Second, it supports context passing across hierarchical levels, ensuring that
high-level research goals inform low-level investigations while detailed findings propagate upward.
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Third, it facilitates peer-to-peer collaboration when agents identify opportunities for direct interaction
outside the hierarchy [40,41].

Algorithm 2 Hierarchical Task Decomposition

Require: scientific_problem, orchestrator_agent
Ensure: solution

1: subtasks← orchestrator_agent.DecomposeTask(scientific_problem)
2: for all subtask ∈ subtasks do
3: if orchestrator_agent.CanHandleDirectly(subtask) then
4: partial_solution← orchestrator_agent.Solve(subtask)
5: else
6: specialist← FindOrSpawnSpecialist(subtask)
7: partial_solution← specialist.Solve(subtask)
8: end if
9: solutions.Append(partial_solution)

10: end for
11: solution← orchestrator_agent.IntegrateSolutions(solutions)
12: return solution

The protocol must evolve with the system. As new agent types emerge with unique capabilities,
they negotiate extensions to the base protocol while maintaining backward compatibility. This creates
a living ecosystem of communication that grows more sophisticated with each discovery, rather than a
fixed message-passing system that constrains future development.

Importantly, MCP enables resource negotiation across the hierarchy. Agents can request com-
putational resources, access to instruments, or collaboration with peers based on research needs.
Meta-orchestrators allocate these resources dynamically, prioritizing promising research directions
while ensuring system stability [42,43].

Three Implementation Pathways
Building a comprehensive ecosystem of interoperable AI scientists requires multiple complemen-

tary approaches [1,44]. We identify three pathways that together enable both immediate capability
and long-term evolution. Figure 2 illustrates how these three pathways converge to create a unified
ecosystem of MCP-enabled agents.

Path 1: Human-crafted protocol-native agents leverages domain expertise to create high-quality
specialized agents [29,45–47]. Scientists encode decades of knowledge into agents that natively support
MCP, establishing benchmarks for quality and demonstrating best practices. While limited in scale
due to manual effort, these agents provide critical capabilities in complex domains like computational
fluid dynamics [48] and molecular dynamics [29]. They serve as exemplars for automated generation
and ensure that crucial domain knowledge is preserved in the ecosystem.

Path 2: Automated transformation of existing codebases addresses the vast repository of scien-
tific software that remains isolated due to incompatible interfaces [49,50]. Large language models can
analyze legacy code and generate MCP wrappers that preserve functionality while adding standard-
ized communication. This approach rapidly populates the ecosystem with thousands of specialized
tools, from physics simulators [51,52] to data analysis pipelines [53,54]. The key innovation lies in
maintaining scientific accuracy while enabling interoperability.

Path 3: Autonomous generation of novel agents represents the most transformative approach
[23,55]. Systems analyze emerging research needs and synthesize entirely new agent architectures
with built-in protocol support. Unlike retrofitting existing code, this pathway creates agents from first
principles, designing both cognitive capabilities and communication interfaces simultaneously. This
enables creation of agents for problems nobody anticipated, with architectures optimized for specific
discovery tasks [56].
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Figure 2. Three pathways to MCP agent ecosystem development. Human-crafted agents (Path 1) provide quality
foundations, automated wrapper generation (Path 2) enables rapid scaling from legacy code, and autonomous
generation (Path 3) creates novel agents for unprecedented problems. All paths converge into a unified scientific
discovery ecosystem with standardized protocol communication across diverse domains.

The critical insight is that while human-crafted agents provide quality and automated transforma-
tion provides scale, only autonomous generation enables the system to transcend its initial limitations
[24,57]. The first two paths bootstrap the ecosystem, but the third enables true architectural evolution
in response to discovery needs.

Table 1. Comparison of three implementation pathways

Path 1 Path 2 Path 3
Human-crafted Automated transformation Autonomous generation

Quality High Medium Variable
Scalability Low High High
Novel capabilities Limited No Yes
Development effort High Medium Low (once developed)

Case Study: Adaptive Materials Discovery
To illustrate how our hierarchical system operates in practice, consider a materials discovery

scenario that begins with a focused investigation but evolves to require interdisciplinary collaboration.
Initially, a materials science orchestrator receives a request to develop high-temperature supercon-

ductors for quantum computing applications. The orchestrator spawns specialized agents for crystal
structure prediction, electronic property calculation, and synthesis pathway planning. These agents
work within established materials science frameworks, sharing results through MCP.

During investigation, the electronic property agent discovers unexpected quantum coherence
effects that persist at higher temperatures than theory predicts. Recognizing this anomaly exceeds
its domain knowledge, it signals the orchestrator, which analyzes the capability gap. The system
determines that understanding this phenomenon requires expertise in quantum biology—specifically,
how certain proteins maintain quantum coherence in warm environments [58,59].

The meta-orchestrator recognizes no existing agent combines materials science with quantum
biology expertise. Following Algorithm 1, it generates specifications for a new hybrid agent type,
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incorporating protein structure analysis capabilities with solid-state physics models. This new agent
identifies structural motifs in proteins that could inspire novel superconductor designs.

As research progresses, the system’s hierarchy reorganizes. The frequently collaborating materials
and bio-quantum agents form a dedicated sub-hierarchy for bio-inspired quantum materials. New
specialist agents emerge for specific tasks: one for analyzing electron-phonon coupling in organic
frameworks, another for designing synthesis pathways that preserve quantum properties [60,61].

This case demonstrates key architectural features: recognition of capability gaps, autonomous
generation of appropriate agent types, and dynamic reorganization based on discovery patterns.
The system not only solves the immediate problem but evolves new capabilities that enhance future
discovery potential.

Discussion and Future Directions
The framework presented here establishes a new paradigm for AI-assisted scientific discovery,

moving beyond acceleration within fixed domains toward systems that evolve their own architectures
in response to discovery needs [6,27].

Near-term development should focus on creating the foundational ecosystem. Establishing robust
MCP implementations across key scientific domains will enable early demonstrations of hierarchical
coordination. Developing tools for automated code transformation will rapidly expand the agent
library. Most critically, advancing autonomous agent generation techniques will determine whether
these systems remain sophisticated orchestrators or become genuine pioneers of knowledge.

The quality of autonomous architecture generation remains the central technical challenge. Cur-
rent approaches like ADAS [23] and Darwin [24] achieve success in narrow domains but struggle with
scientific complexity. We propose a staged development approach: beginning with template-based
generation where new agents combine existing components, progressing to guided generation with
human-provided constraints, and ultimately achieving free-form generation for truly novel architec-
tures. This progression allows the field to build expertise and validation methods incrementally while
working toward full autonomy.

Several critical challenges require continued research. When AI systems propose theories or de-
signs beyond human understanding, how do we verify their validity [62,63]? As systems dynamically
reorganize, how do we maintain coherence and prevent degradation [25,64]? How should resources
be allocated across competing research directions when AI systems identify opportunities humans
don’t yet comprehend [42,43]? These questions are not barriers but define the research agenda for the
coming years.

The implications extend beyond individual discoveries. As hierarchical AI scientists identify
connections across disciplines faster than traditional institutional structures can adapt, they may
catalyze new forms of scientific organization [3,65]. Research programs could dynamically form
around emerging phenomena rather than historical departmental boundaries.

The path forward requires collaboration across AI research, domain sciences, and science policy
[31,66]. By building systems that enhance their own capabilities through discovery, we create a positive
feedback loop where each breakthrough enables more sophisticated investigation. This recursive
improvement through scientific discovery offers a concrete path toward AI systems that continuously
expand the frontiers of knowledge.

Key open questions merit investigation: How can we ensure that autonomously generated
agents maintain scientific rigor while exploring beyond established frameworks? What governance
mechanisms can guide these systems while preserving their ability to pursue unexpected directions?
How do we preserve meaningful human participation as AI systems become increasingly autonomous
in their scientific pursuits?

The vision we present is ambitious but grounded in current technological capabilities and clear
development pathways. Through hierarchical organization, protocol-based interoperability, and
autonomous agent generation, we can build AI scientists that don’t just accelerate research but
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fundamentally transform how scientific discovery occurs. The question is not whether such systems
are possible, but how quickly we can realize their potential while ensuring they remain beneficial tools
for human knowledge and progress.
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