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ABSTRACT

Complex multi-step tasks such as scientific research are increasingly
being performed using LLM-based agents. Existing approaches use
fixed agent architectures requiring manual adaptation, or gener-
ate individual functions without coordination logic. We present a
framework that generates complete multi-agent systems as exe-
cutable multi-agent system code from natural language descriptions.
Our approach employs a seven-stage pipeline with two feedback
loops to catch errors at different cost points. On the GAIA bench-
mark, the framework achieves 49% accuracy on Level 1, 24.4% on
Level 2, and 15.4% on Level 3, outperforming the MAS-GPT baseline
across all levels. Code and Demo:https://github.com/ITMO-NSS-
team/FEDOT.MAS-Demo, https://youtu.be/1w8bBWGHjeQ.
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1 INTRODUCTION

The execution of complex, multi-step tasks, particularly in scien-
tific research, increasingly relies on multi-agent systems powered
by Large Language Models [3, 8]. Tasks such as hypothesis gen-
eration, experimental design, and literature synthesis require not
only computation but also sophisticated coordination, dynamic
state management, and integration of domain-specific tools. We
define task complexity by the number of sequential reasoning steps,
required tool integrations, and inter-step data dependencies. In
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this work, we use the term multi-agent system to refer to LLM-
orchestrated pipelines where specialized agents coordinate through
generated code.

Recent work on automated agentic system design has explored
several directions. ADAS [4] meta-prompts an LLM to propose
and refine agent building blocks, while AFlow [10] searches over
workflow graphs via Monte-Carlo tree search. SwarmAgentic [11]
evolves populations of candidate systems inspired by particle swarm
optimization, and GPTSwarm [12] optimizes agent graphs at both
node and edge levels. However, these approaches either optimize
configurations of predefined primitives or search over prompt
spaces—none generates complete, executable multi-agent code from
a natural language specification with multi-stage validation. Earlier
code-generation methods [2] produce individual functions without
coordination logic. MAS-GPT [9] trains an LLM for MAS generation,
but relies on the availability of training samples. Our framework
closes this gap by generating full Python workflows with a seven-
stage pipeline that catches errors before they reach costly execution
stages.

We present a system that generates executable multi-agent sys-
tem code for classes of tasks with multi-stage validation. The gen-
erated workflows serve the classes of tasks — groups of structurally
similar problems (e.g., 'retrieve and summarize a web page’) that
share the same agent topology but differ in input parameters. The
key idea is to detect errors at multiple levels of abstraction be-
fore they propagate to costly stages. The pipeline consists of seven
stages with two feedback loops [6]: meta-planning, code genera-
tion, static validation, emission, execution, runtime validation, and
quality assessment. We evaluate on GAIA [7] (165 complex tasks),
demonstrating that multi-stage validation achieves high accuracy
without a significant increase in cost (section 3).

2 SYSTEM ARCHITECTURE

The system processes tasks through seven stages with two feedback
loops (Figure 1). Stages: (1) meta-planning, (2) code generation, (3)
static validation, (4) emission, (5) execution, (6) runtime validation,
(7) quality assessment. Feedback loops: static debugging (max 10
iterations), runtime refinement (max 3). Each loop addresses errors
at different cost points before expensive execution.
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Figure 1: Seven-stage pipeline with two feedback loops catching errors at different cost points.

Stage 1: Meta-Planning. The planner (GraphMetaAgent) receives
a task description and generates a JSON plan specifying agent
roles, tool assignments, state graph structure, and data flow. The
planner uses Claude Haiku 4.5 with a system prompt describing the
primitives of the chosen multi-agent framework, available Model
Context Protocol (MCP) tools, and state management patterns.

The plan includes input/output keys for state management and
agent descriptions for code generation. Plans map directly to multi-
agent framework primitives: agents become nodes, dependencies
become edges, and custom TypedDict state (AgentState) handles
communication through annotated reducers. The planner considers
task complexity (tool count, reasoning steps) and selects appropriate
agent architectures (linear pipeline, conditional branching, parallel
execution).

Stage 2: Code Generation. The GraphCoderAgent converts vali-
dated plans to executable Python code. Code generation uses four
templates: (1) State—TypedDict with annotated reducers for inter-
agent communication; (2) Node—agent functions with structured
outputs and MCP [1] tool bindings; (3) Graph—composition with
nodes, edges, and entry point; (4) Tools—MCP server configuration
for web search, file analysis, and browser automation.

Stages 3-7: Validation and Execution. Static Validation (Stage 3)
runs py_compile, ruff, and type checker locally without LLM calls
or APIrequests, catching syntax and import errors before expensive
agent execution. The GraphDebugAgent fixes errors in patch mode
(line-level changes, 80-90% token savings vs. full rewrite, max 10
iterations). Emission (Stage 4) writes code with version tracking.
Execution (Stage 5) runs the workflow asynchronously with time-
out protection (600s). Runtime Validation [5] (Stage 6) checks
results and triggers targeted refinement for semantic errors (max 3
cycles)—catching issues static analysis cannot detect: wrong API
parameters, data transformation errors, file format assumptions.
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Quality Assessment (Stage 7) uses an LLM judge to evaluate an-
swer completeness and execution efficiency; low-quality results
trigger code regeneration.

3 EVALUATION

We evaluate on GAIA [7], a benchmark with 165 questions across
three difficulty levels requiring multi-step reasoning and tool use.
We compare against MAS-GPT [9], a recent MAS generation ap-
proach. Configuration: Gemini-2.5-Flash via OpenRouter, iteration
limits 10/3 (static/runtime), 600s timeout. Table 1 confirms that our
approach outperforms MAS-GPT across all difficulty levels: +16.9%
on Level 1, +4.6% on Level 2, and +3.8% on Level 3. The average cost
of our system is $0.32 per task, which is comparable to the oper-
ating costs of state-of-the-art multi-agent systems using language
models of a similar scale.

Table 1: Accuracy on GAIA Benchmark (165 tasks: 52/86/27
per level)

Method Level 1 Level 2 Level 3
Ours 49.0% 24.4% 15.4%
MAS-GPT 32.1% 19.8% 11.6%

4 CONCLUSION

We presented a system for generating complete multi-agent sys-
tems as executable code with multi-stage validation. Unlike fixed
architectures or individual function generation, our approach pro-
duces coordinated workflows that serve task classes—enabling
batch execution, inspection, and iterative refinement. The seven-
stage pipeline catches errors at different cost points: static vali-
dation prevents syntax and type errors before execution, runtime
validation enables targeted semantic fixes, and quality assessment
ensures answer completeness. Future work includes extending the
validation criteria based on execution results.
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