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Computational models of complex
systems meet Al agents
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Complex systems have structural properties that make them a promising domain for scientific
workflows driven by Al agents — systems that combine large language models with tool use and
iterative execution. However, most complex systems simulators and libraries do not expose their
control points and outputs in aform that text-based Al agents can readily use. Realizing the potential of
agent-driven workflows, therefore, requires equipping complex systems models with agent-friendly

interfaces.

Background

Scientific research is being reshaped by the emergence of large language
model (LLM)-based AI agents that combine natural language capabilities
with the ability to use tools and iterate autonomously toward a goal'. Spe-
cifically, Al agents can interpret natural-language objectives, decompose
them into sequences of actions, observe the results, and revise their plans
accordingly, without explicit step-by-step guidance. This has led to Al
systems that assist and actively participate in the scientific research process™.
Early demonstrations have shown agents capable of end-to-end scientific
workflows, spanning literature search, hypothesis generation, experiment
design, and manuscript drafting™*.

Two research directions have attracted attention at the intersection
of Al and complex systems. The first one uses LLMs as synthetic actors
inside simulations, replacing human agents in social or behavioral
models™. The second direction applies complex systems concepts to
study LLM-based agents themselves’. Here we discuss another research
use of Al agents that has received less attention: the agent as an external
operator of a complex systems simulator, driving it toward scientific goals
defined by a human researcher. In this perspective, agents may become
the primary interface through which complex systems models are oper-
ated to conduct exploratory research and operational work. This calls for
designing complex system simulators that LLM-based agents can effec-
tively exploit. This perspective is analogous to past work on automated
scientific investigation pipelines [King et al.'’], active learning for dis-
covery [Kusne et al."'] and the idea of a “robot scientist” [Burger et al."’]
autonomously designing and carrying out experiments. Here, we identify
gaps in complex systems simulators and discuss how to design them to
better support hybrid human-AI workflows and delegation to LLM-based
Al agents.

Complex systems science is a natural domain for
Al agents
The opportunities opened by Al agents are not uniform across scientific
fields. For structural reasons, complex systems science is a particularly
favorable case for applying Al agents. The mechanistic rules that define
complex systems operate at the microscopic scale, while the collective
behaviors of interest emerge at the macroscopic scale. The gap between
scales is a hard problem that is generally approached computationally. This
involves simulating the model’s mechanistic process at the individual-agent
scale, observing the emergent behavior, adjusting parameters or rules, and
then simulating the system again by sweeping the parameter space. Multiple
computational models are frequently used to model the same phenomena: a
network-based model of a contagion process or a system of ordinary dif-
ferential equations for the same process offer different lenses for capturing
the system’s dynamics, and any finding is more definitive when they agree.
In addition, the most actionable complex systems science occurs when
the system is perturbed. In most relevant, realistic situations, the space of
possible perturbations is too large to explore analytically and too structured
to sample at random. The general workflow is that empirical data inform the
model, which guides the design of interventions/perturbations to reshape
the system and generate new data. The scientist sits at the center of this loop,
iterating the process to achieve the desired insights. While this workflow is
challenging for researchers, it maps closely onto what an Al agent does well:
iteration and ensemble logic, multiple models used in parallel, and deliberate
search through a structured space are natural automation paths for Al
agents. Matching complex systems science with LLM agents is therefore so
natural that the interesting question is not whether they can assist this kind
of science, but what becomes possible once they drive it.
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Fig. 1 | Agent-in-the-loop complex systems science workflows.
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Agent frameworks in complex systems science

A major opportunity offered by Al agents is a redefinition of the complex
systems scientist’s role in the modeling workflow. Most complex systems
simulators were built to keep the human in the loop, through user interfaces,
data visualization, and interactive environments such as programming
notebooks. An agent can take that role by controlling the model imple-
mentation, while the human operator sets the agent’s higher-level goals. The
agent runs the computational loop. The researcher holds scientific intent
and epistemic responsibility by formulating research questions, interpreting
results, and adapting/redirecting the research agenda based on findings.
This lets the scientist focus on the scientific process rather than the
mechanics of running simulations and parameter sweeps.

However, it is not just a matter of automation and speed. Agent-driven
workflows differ qualitatively from established practices and open the door
to new ways of organizing the study of complex systems. The most sig-
nificant of these is the systematic exploration of the intervention space.
Complex systems structure admits a large number of possible perturbations:
which components to target, when to act, at what intensity, in what
sequence. This space is too large to explore randomly and often too complex
to characterize exhaustively by analytical means. An Al agent can navigate
this space autonomously by formulating hypotheses, running targeted
simulations to test them, and updating its strategy based on the results.
Agents can detect patterns that a human might miss and autonomously plan
a sequence of simulations by dynamically constructing the workflow. The
user no longer needs to plan each intermediate step as the agent handles it
autonomously. This is a machine-intelligence-driven mode of investigation
that goes beyond the simple automation of existing practice.

Together, the above capabilities define novel simulation frameworks
for complex systems, in which the computational model is embedded in
an agent-driven loop: the agent plans successive simulation actions,
interprets the model’s output, and iterates toward objectives defined by the
human operator (Fig. 1).

Design principles for agent-friendly interfaces

Current-generation Al agents, such as Claude Code or OpenAI Codex, are
driven by Large Language Models (LLMs) that rely on text to interact with
users and control the tools available to the agent'*'*. Complex system
simulators or libraries, on the other hand, have traditionally been designed
to be driven either by users, with a focus on user-friendly interfaces, or

programmatically by user-written programs and computational notebooks.
An LLM-based agent using the simulator/library is often forced to inspect its
source code and documentation to determine which models and config-
uration parameters are available; it needs to write one-off custom programs
to drive the library; and it struggles to process the volume of output the
simulator generates. For these reasons, delegating workflow control to an
agent carries specific risks. Misspecified objectives or incorrect but plausible
intermediate outputs can lead to a confidently wrong result"’. These risks set
arequirement for the agent workflow itself: the scientist must remain able to
verify, direct, and take responsibility for what the agent does. Much of the
interface design we outline here is shaped to address these limitations.

In the following, we delineate six core principles for designing or
wrapping complex systems simulators and libraries with an interface layer
(an “agent-friendly interface”) that allows AI agents to control them better
and leverage their capabilities in the context of complex, iterative workflows:

* Discoverability/Introspection: A model should be able to describe
itself through structured queries that report its structure, parameters,
and their valid ranges. Components, states, transitions, and available
interventions should be discoverable, without the agent having to read
source code or documentation. This is the foundation, since it allows an
agent to plan a simulation run. It is also what lets an LLM-based agent
bring the model’s configuration into its context window.

* Declarative control: The agent should control the simulator through
self-contained, structured configuration artifacts rather than through a
sequence of imperative methods or API calls’. For configuration
information, LLM-friendly formats such as JSON and YAML are
particularly suitable. Configuration artifacts should be validatable
before execution, allowing the agent to verify its plan before
committing to a run. Domain-specific subtleties should be encoded
in configuration fields rather than left to the agent’s first-principles
reasoning.

* Statelessness: Every operation should be a self-contained function of
its inputs: a configuration file, previously saved output files, etc.
Dynamically allocated objects, session state, and ordering constraints
across tool calls should all be avoided. Agents have no reliable way to
persist objects in memory across calls, and simulators that require them
to model and manage their state are fundamentally agent-hostile.

¢ Structured, queryable output: Results should be written to the file-
system in a self-describing format, and the interface should provide
tools for querying the raw output. The agent can use query tools to ask
targeted questions (e.g., summary statistics, final state, scenario
comparison) and obtain compact structured answers. It doesn’t need
to load or parse the full simulation output directly.

* Human-Agent parity: The interface should be equally legible and
operable by a human researcher and an Al agent, with no need for a
translation layer. A command-line interface (CLI) naturally fits this
requirement. For example, a CLI that accepts YAML configurations
and returns structured JSON puts the researcher and the agent on equal
footing, as they can both use the same commands and inspect the same
inputand output files. Moreover, a CLI works equally well outside of an
agent-driven loop: the operator can inspect what the agent did by
replaying its commands in a terminal. This is an architectural
commitment to transparency: a scientist who can reproduce agent
actions can verify and trust the agent’s workflow. Protocols such as the
Model Context Protocol (MCP) have greater expressive power but
interpose a translation layer that breaks this parity and often requires
stateful servers'®.

» Composability: When multiple tools share the above design principles
and operate on shared filesystem-backed artifacts, they can be chained
into agent-orchestrated computational pipelines. Composability
emerges when tools are built in accordance with the preceding
principles. It is also what enables multi-model workflows: for example,
an agent could run an ODE simulator, an ABM-based simulator, and a
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calibration engine in sequence, passing outputs from one to the next as
inputs.

The six principles illustrated above are design principles. They can be
built incrementally into a complex systems simulator or library, verified by
inspection, and adopted independently. In fact, in many cases, it is not
necessary to modify the library or simulator at all: it is sufficient to wrap
existing tools with a thin layer, designed according to the above principles,
that implements CLI tooling, parameter registries, configuration templates,
outputs’ query tools, etc., creating an agent-friendly control surface.

However, a library or simulator that satisfies the above design princi-
ples without announcing them offers no reliable way for an agent to use the
agent-friendly interface. It is therefore essential to provide, within the agent’s
context window, documentation of the interface in the form of an agent
contract. In practice, this is a dedicated file (AGENT.md, by convention)
that specifies the complete interface contract and is read by the agent at the
beginning of the workflow. It documents the discovery and introspection
mechanisms, the configuration format, the output data files, and the query
commands. It ensures that the provided interface is stable and complete, and
that it contains the domain-specific conventions an agent must know to use
the library correctly. A simulator or library that provides an AGENT.md
makes a verifiable commitment about its agent readiness. We argue that this
should become a standard provision of agent-friendly scientific software.
The agent contract itself should not be regarded as a static artifact. It can be
iteratively improved, e.g., through agent-on-agent review. In this approach,
one agent completes a suite of representative tasks using an agent framework
that includes the AGENT.md contract. A second agent reviews the first
agent’s work by inspecting conversation logs, tool calls, and the generated
outputs. This way, the reviewer agent may identify errors and ambiguities
that prevented successful use of the simulator or library, and these findings
can then be incorporated into a revised version of the AGENT.md contract,
either manually or by the reviewer agent itself. The AGENT.md contract
becomes the object of a continuous testing and refinement cycle analogous
to software development. Just as usability testing reveals shortcomings in
human-facing interfaces, agent-on-agent review exposes deficiencies in
machine-facing interfaces.

Finally, current-generation Al agents can read source code, write and
execute custom scripts, and directly call the underlying libraries’ application
programming interfaces (APIs). The agent-friendly interface we envision
here does not remove these capabilities. Its aim is the robustness and
reproducibility of the modeling workflow. When a task genuinely exceeds
what the interface provides, the agent can inspect source code and write
custom scripts. This escalation route ensures the agent interface never
becomes a ceiling on what the agent can do, and frequent escalation may
signal which capabilities the interface should cover.

An illustrative example

Here we illustrate the principles of section “Design principles for agent-
friendly interfaces” in relation to Epydemix, a Python library for epidemic
modeling"”. The goal is to show that an agent-friendly interface can be built
incrementally on top of a real, pre-existing complex systems library,
enabling current-generation Al agents to drive end-to-end modeling
workflows.

Epydemix provides stochastic compartmental models (SIR, SEIR, SIS,
fully custom compartmental structures) with age-structured populations,
interventions, and calibration to observed data. Its use cases exemplify all the
properties discussed in Section “Complex systems science is a natural
domain for Al agents™: a vast but structured intervention space, a data-
model-intervention loop, and a multi-scale architecture. Its original inter-
face is typical of complex systems libraries, which are hard for an agent to
drive. Models and their parameters live in Python code, so the only way to
find out what is configurable is to read the source. A run is assembled by
instantiating objects and calling methods in a script. There is no single
declarative description of a run that an agent could write down, check, and
then execute. Results come back as in-memory Python objects bound to a

live session. An agent working through stateless tool calls has no way to
retain them or return to them later. Finally, outputs are inspected by
querying large binary output files with custom scripts, so there is no compact
summary that an agent can inspect without loading and parsing full
simulation trajectories. None of these are shortcomings of a library devel-
oped for human researchers, but they considerably limit automated use by
agents.

The principles in Section “Design principles for agent-friendly inter-
faces” are meant to overcome the above hurdles and inform the design of
specific artifacts that support an Al agent’s use of the library. Introspection
can be achieved by creating a parameter registry that the agent queries before
planning a run: a machine-readable catalog of every configurable quantity,
its type, valid range, and default value. Declarative control is achieved by
introducing an LLM-friendly configuration file (e.g., in YAML format) that
fully specifies a simulation, allowing the agent to confirm that its plan is
coherent before committing to a run and avoiding the need to generate
custom code for common scenarios. Human-agent parity leads to the
design of a single, text-based control interface for both human users and
agents. This can be achieved, for example, by creating a command-line
interface (CLI) that wraps the existing Python API and allows an Al agent to
drive the library by calling the CLI via its tool-use capabilities. The State-
lessness principle requires that every CLI operation is a pure function of its
input files, producing self-contained directories of result files (bundles) that
also include a manifest file describing them, so that no session state needs to
persist across CLI calls. Structured output can be realized by an inspection/
query tool that returns summaries (e.g., ensemble statistics, epidemic peaks,
scenario comparisons) so that the agent doesn’t have to parse raw simula-
tion output. Composability follows from defining an output bundle format:
outputs are directly usable as inputs to other tools and because each bundle’s
manifest records its parent, provenance information is available and multi-
step pipelines are traceable from information available in the filesystem
alone. The agent contract document consists of an AGENT.md document
that specifies the canonical epidemic modeling workflows supported by
Epydemix, the format of configuration files, the available CLI commands to
drive the library, the output format of each command, and conventions for
reporting results and creating tables and figures. The agent contract is
complemented by other files containing worked examples that the agent can
use as a reference.

Overall, an agent-friendly interface can be delivered as a strictly
additive layer on top of the Epydemix library'®. Existing simulation routines
and result objects behave exactly as before. Similarly, existing notebooks
continue to work unchanged. This choice is essential because scientific
libraries accumulate a community of users and downstream dependencies.
In practice, a path to agent readiness that requires a substantial rewrite of the
library is not viable.

This exercise provides a few general take-home messages. The six
principles we outlined previously can be implemented in a concrete archi-
tecture that other complex systems libraries can adopt, without committing
to any particular technology stack. We also show that wrapping existing
libraries rather than rewriting them is an effective approach. The cost of
making a library agent-ready is limited, the user community is not harmed,
and the resulting agent-friendly interface supports LLM agents and other
automated pipelines. Finally, the performance of an agent framework can be
readily verified: the agent should be able to produce useful, reproducible
results given only a natural-language scientific request and the AGENT.md
contract. If a library meets this criterion on a representative set of tasks, it is
agent-ready. Otherwise, the observed failures indicate which principles need
strengthening. The complete example discussed here is available online
(github.com/epistorm/epydemix/tree/agent-framework) and described in
detail in Ref. Gozzi et al. .

The path forward

The complex systems community already has a mature ecosystem of vali-
dated simulators and libraries. What it lacks are interfaces that make those
capabilities discoverable and controllable by AT agents. The priority is to
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build such layers on top of the tools the community already trusts. However,
designing these layers critically depends on domain-specific knowledge
(what a model is for and where it breaks down); therefore, this is a task for
the complex systems community of practice, not one that can be delegated
to Al practitioners alone.

Two steps would accelerate progress on the gaps we have highlighted.
One is the convergence on shared conventions for introspection, declara-
tive configuration, structured output, and contract documents. This would
enable agent-friendly tools across the ecosystem to compose with one
another. The second is the development of benchmarks for agent-driven
complex systems modeling tasks: community-developed tests that measure
whether an agent, given only a natural-language goal and a contract
document, can produce correct and reproducible results. The agent readi-
ness of simulators and libraries would therefore become measurable,
enabling the community to track its own progress.

The evolution towards agent-in-the-loop complex systems science is,
we believe, inevitable. We think it is important that this transition happens
on terms set by the complex systems community, preserving transparency,
reproducibility, and scientific rigor.

Data availability
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