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Abstract

Large language models (LLMs) have shown promise as sci-
entific assistants capable of reasoning, tool invocation, and
autonomous analysis. However, their use in the physical sci-
ences remains limited by the need for strong guarantees of
explainability, traceable reasoning over long computational
workflows, and the high consequences of subtle errors. Many
existing LLM-based agent systems rely on unstructured con-
versational context or loosely coupled tool calls, which are
insufficient for scientific domains governed by strict physi-
cal constraints and nonlinear dynamics. In this study, we ex-
plore the use of an Al assistant for an Earth system science
use case. Unique to this work, we introduce a state machine
agentic architecture that enables LLMs to perform structured,
physically grounded scientific analysis through an explicit
and enforceable notion of agent state. We define the agent
state as a structured tuple, maintained across agent iterations
using explicit update rules and strongly typed interfaces that
enforce physical feasibility during tool invocation. We eval-
uate this methodology for a case study of ocean overturning
circulations and a potential slowing or collapse of this sys-
tem. The Al assistant interacts with a reduced-order ocean
model and in-house developed deep learning models. The Al
assistant is able to decompose complex questions into ac-
tionable steps that are answered using the set of tools de-
veloped. Compared to traditional grid search approaches, the
agent autonomously designs parameter explorations, invokes
high-dimensional models within valid physical bounds, and
produces interpretable scientific summaries while reducing
simulation count. The results demonstrate that the structured
agent state is a key enabler of reliable LLM-based scien-
tific assistants and is broadly applicable to constrained tool-
centric scientific workflows.

Introduction

Large language models (LLMs) have had a profound impact
on many Al tasks and their increased capabilities have sug-
gested that Artificial General Intelligence (AGI) could be a
near term possibility (Zhao et al. 2023), where LLMs will
reach, if not surpass, human intelligence. Research related
to multi-agent systems has seen a recent resurgence (Li et al.
2024), where LLMs act as agents that work together to com-
plete challenging computational tasks. LLM-agents have be-
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come so powerful that their use in the physical and biologi-
cal sciences has also increased (Schmidgall et al. 2025; Ren
et al. 2025; Pantiukhin et al. 2025), although adoption is still
slow in these disciplines (Kim et al. 2025). This slow adop-
tion is driven not only by stringent demands for rigor and ex-
plainability, but also by limited trust in the black-box nature
of deep learning (SAHIN, Arslan, and Ozdemir 2025) and
by challenges related to human—machine alignment (Ilievski
et al. 2025).

Specifically, within the physical and biological sciences,
a critical gap remains between the surface-level correctness
of LLM-generated outputs and their epistemological qual-
ity, particularly in contexts of the Earth system (Bulian et al.
2024). LLMs frequently produce fluent, coherent, and exe-
cutable outputs that appear scientifically plausible but may
be incomplete, misleading, or physically invalid (Oliveira
et al. 2025). In domains governed by nonlinear dynamics
and strict physical constraints, such failures are especially
problematic, as subtle errors can propagate silently through
long computational workflows, undermining scientific con-
clusions without triggering obvious warnings.

In this study, a state machine is used to introduce struc-
ture and traceability for agent interactions. It becomes the
underpinning for a multi-agent-based approach to scientific
question answering for an Earth systems use case, making
use of a climate model and a set of deep learning models as
tools. The agent’s answers are compared to those of a human
oceanographer, showing a significant reduction in the num-
ber of simulations needed to answer scientific questions per-
taining to the global ocean circulation system while main-
taining consistency with the physics of the system. The state-
ful agent interactions are also compared with those of a non-
stateful agent, showing that the stateful agent outperforms
the non-stateful agent in efficiency using the tools available
to answer the set of questions.

Background

Earth system science investigates processes governing the
atmosphere, oceans, cryosphere, and land surface. Forecast-
ing short, medium, and long-range trajectories helps scien-
tists understand how the Earth is changing on both near-term
and decadal timescales. These forecasts typically rely on
high performance computing, yet even such resources can
be computationally limiting. When exploring abrupt Earth



system changes, events with potentially large societal im-
pacts, traditional modeling approaches often break down.

Recently, Al-based methods have been explored to fore-
cast abrupt state changes in the Earth system (Bury et al.
2021; Lenton et al. 2024; Zhuge, Li, and Chen 2025) and to
identify initial conditions that lead to regime shifts (Sleeman
et al. 2023b). One such study (Sleeman et al. 2023a) inves-
tigated a deep generative approach to characterize the ini-
tial conditions that lead to a collapse of the Atlantic Merid-
ional Overturning Circulation (AMOC). The AMOC is a
large-scale circulation system in which warm saline sur-
face waters flow northward into the North Atlantic, cool,
and sink into the deep ocean as their density increases (Mc-
Carthy et al. 2017). Recent work has highlighted the po-
tential for AMOC collapse (Dijkstra and van Westen 2025)
due to the severe climatic and societal consequences associ-
ated with such a disruption. Reduced-order models are com-
monly used to study the mechanisms and drivers of AMOC
collapse (Gnanadesikan, Kelson, and Sten 2018).

In this work, a reduced-order model (Gnanadesikan et al.
2024) of the Meridional Overturning Circulation (MOC) dy-
namics was used to study the AMOC and what leads to col-
lapse and/or recovery. The reduced-order model represents
the oceans in terms of six boxes, including a deep ocean
box, North Pacific and low latitude Pacific surface boxes,
North Atlantic and low latitude Atlantic surface boxes, and
an inter-basin exchange between the Atlantic and Pacific.
The overturning in both the Atlantic and the Pacific can ex-
hibit deep, intermediate, or shallow circulation patterns. The
Atlantic overturning is deep in today’s current climate and
would be in a collapsed state when experiencing shallow cir-
culation, as modeled in this six box model.

Even in this reduced model, with arguably fewer differen-
tial equations than a global climate model, understanding the
drivers of a collapsed AMOC is challenging. Deep learning
models were built to better understand the initial conditions
that could lead to collapse and to forecast when these events
may occur by anticipating sudden statistical changes before
an abrupt shift occurs (Sleeman et al. 2023a). However, for
oceanographers to meaningfully interrogate these models,
an accessible natural language interface is needed, as direct
interaction with deep learning architectures presents a bar-
rier to scientific exploration. Recent advances in large lan-
guage models (LLMs), particularly their ability to interpret
scientific queries and orchestrate tool use, make their inte-
gration as scientific assistants a promising direction. In this
work, a multi-agent Al Assistant architecture is explored
that addresses the scientific challenge of addressing ques-
tions rooted in first principles Earth system dynamics.

Related Work

Before the wide adoption of LLMs for scientific assis-
tance, early work by Ashcraft et al. (Ashcraft et al. 2023)
built a neuro-symbolic method to answer scientific ques-
tions related to climate science. Their natural language pro-
cessing (NLP) method coupled with climate model simula-
tions demonstrated substantial potential to accelerate scien-
tific inquiry in Earth system science. This early work em-
ployed a bidirectional text-to-program translation architec-
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ture that mapped natural language queries to executable pro-
gram calls interfacing directly with deep learning models,
enabling scientists to query and interrogate Al systems with-
out requiring expertise in machine learning. As LLMs be-
came more prolific, their adoption in the sciences has in-
creased and more recent advances in LLMs have further ex-
panded these capabilities (Ren et al. 2025). However, gaps
still persist, even with recent efforts that have sought to
adapt LLMs more closely to scientific domains. Some recent
efforts include domain-specific fine-tuning (Thulke et al.
2024) and integration of external domain-aware tools that al-
low LLMs to invoke simulations, data processing pipelines,
and analysis routines (Widlansky and Komar 2025; Bran
et al. 2024). Building on this foundation, more sophisticated
agentic systems have emerged that incorporate long-horizon
autonomous planning and iterative experiment execution,
enabling end-to-end scientific workflows that span hypoth-
esis generation, experimentation, analysis, and manuscript
drafting (Yamada et al. 2025; Mitchener et al. 2025). More
recent advances have introduced the notion of state through
various implementations, such as a world state (Weidener
et al. 2026) or a memory agent (Jin et al. 2025). However,
these systems have been primarily developed and evaluated
in materials and life sciences and have not been thoroughly
assessed in other physical sciences, such as on Earth system
science tasks. Moreover, even when applied to scientific dis-
covery, existing agentic frameworks typically operate over
relatively low to moderate dimensional tools and models and
have not been demonstrated in settings requiring repeated,
physically constrained exploration of high-dimensional sim-
ulation or deep learning models.

Recent work in Earth sciences has demonstrated the
promise of LLM-driven agentic frameworks that integrate
planning modules, domain-specific datasets, and computa-
tional tools (Guo et al. 2025). While such systems are ca-
pable of automating complex analysis pipelines, their au-
thors note an important limitation is that LLM-generated
code is often syntactically correct and executable, yet can
produce scientifically invalid or erroneous results with-
out triggering runtime errors, thereby compromising en-
tire workflows. To mitigate this risk, EarthLink (Guo et al.
2025) incorporates iterative result-checking loops; however,
these checks primarily target generic execution failures such
as NaN values, empty outputs, or malformed files, rather
than domain-specific violations of physical validity. Con-
sequently, there is no formal mechanism to prevent invalid
parameter regimes, inappropriate modeling assumptions, or
extrapolation beyond calibrated ranges. As a result, extend-
ing such systems beyond cases where established diagnostic
recipes, prior literature, or previously encoded workflows
exist remains a challenge. Furthermore, such systems can
be challenging for domain scientists to use directly, as the
progression of the analysis is implicitly distributed across
generated plans, executable code, intermediate data prod-
ucts, and natural-language reasoning. Consequently, while
EarthLink enables post-hoc inspection of results, it remains
difficult to trace how specific assumptions change over long
computational workflows or to formally verify whether in-
dividual agent decisions were physically admissible at the



time they were made.

A key challenge underlying these limitations is the ab-
sence of an explicit, enforceable notion of agent state in most
existing LLM-based scientific assistants. In many agentic
systems, progress through a scientific workflow is encoded
implicitly in conversational context, generated code, or ac-
cumulated artifacts, making it difficult to reason about what
assumptions are currently active, which constraints are be-
ing enforced, and which actions are admissible at a given
point in the analysis. State machines provide a natural ab-
straction for addressing this challenge. They offer a formal
mechanism for representing the state of the system, gov-
erning allowable transitions, and enforcing invariants across
long-running processes. Specifically, finite state machines
make system evolution explicit, auditable, and constrained
by design (Gladyshev and Patel 2004). By adopting a state-
machine-oriented architecture, we elevate the agent state
from an implicit byproduct of interaction to an object that
governs tool invocation, parameter exploration, and reason-
ing flow. This framing directly targets the traceability and
physical-admissibility gaps identified above, enabling scien-
tific workflows in which each agent action is both context-
aware and formally constrained by the current state of the
system.

LLM-based Scientific Assistants Grounded by
a State Machine

Towards this vision, this paper presents a state machine
agentic architecture and demonstrates its capabilities in
Earth system science, specifically analyzing the MOC. Al-
though the case study centers on an analysis of the ocean
overturning circulation, the architecture itself is domain-
agnostic and designed to support structured, tool-driven sci-
entific reasoning across disciplines. By enforcing stateful
behavior and strongly typed, physically grounded tool inter-
faces, the framework enables an agent to operate complex
computational models, produce physically consistent simu-
lations, and deliver interpretable results, thereby connecting
the flexibility of LLMs with the disciplined workflows re-
quired in Earth systems scientific research.

This work addresses four fundamental questions central
to advancing LLLM-based scientific assistants:

1. Can LLM agents act as scientific assistants that accu-
rately interpret and answer domain-grounded scientific
questions?

2. Can LLM agents reliably invoke complex, multi-
parameter scientific tools for simulation, discovery, and
forecasting while ensuring physical feasibility?

3. Can LLM agents present scientific results in interpretable
and domain-relevant forms?

4. Can LLM agents reduce the time required for scien-
tific workflows while preserving interpretability, accu-
racy, and reproducibility?

Methodology

We propose a state-machine-oriented agentic architecture
designed to support structured, physically grounded scien-
tific reasoning in Earth system workflows. We organize the
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Figure 1: High-level system diagram of the state-machine-
oriented assistant. The figure illustrates the execution loop,
including transitions, tool invocation, and state updates.

system around an explicit and enforceable notion of agent
state, mediated through a stateful control loop, and strongly
typed interfaces that govern all tool interactions.

At a high level, the architecture consists of three tightly
coupled components:

1. State Controller that governs agent transitions and tool
selection,

2. Typed Global State that encodes scientific context, as-
sumptions, and intermediate results,

3. Multi-Agent Composition in which specialized agents
operate over a shared state representation.

The execution loop is summarized in Figure 1. This loop
iterates until the specified scientific objective is satisfied. In
contrast to conversational agent architectures that rely on
implicit context accumulation, all progression in our system
is mediated through explicit state transitions, enabling trace-
ability, auditability, and physical admissibility at each step.

State Machine Architecture
We formalize the agent controller as a state machine:

M = (8,%,5,50, F, T), (1)

where:
* S denotes the set of admissible scientific states (e.g., cir-
culation regimes or experimental phases),

* X represents incoming signals, including user queries,
tool outputs, and execution errors,

* ¢ is the transition function,

* s is the initial, unperturbed system state,
» F denotes the active scientific objective,
* 7T is the set of available scientific tools.

At each iteration, the router agent operates on a structured
context:

C=(5%FT), )
and LLM inference on that structured context acts as the
transition function

§:C =5,

producing a new state that governs subsequent actions.

3



State Data Structure

class SystemState
goal + optional string
Atlantic_state <— latest integer or null
Pacific_state < latest integer or null
current_step ¢ latest value
user_input <— latest value
1lm_output <+ latest value
error < latest value
tool_input <— dictionary (default empty)

Figure 2: Global typed state used by the state-machine-
oriented agent. The state maintains intermediate scientific
assumptions, tool invocation results, and control variables
enabling traceable transitions between agent steps during
multi-step reasoning and tool chaining.

Typed State Representation and Enforcement

To instantiate the state machine in executable form, we rep-
resent the global agent state using a strongly typed data
model implemented via Pydantic (Colvin et al. 2023). The
state encodes both scientific variables and the agent’s rea-
soning context in a persistent structured format outlined in
Figure 2. This typed state serves several critical functions:

¢ Encodes the state S and active goal F’
» Captures incoming signals Y such as tool outputs and
errors
* Persists across all agent and tool invocations, ensuring
continuity and traceability
By making the agent state explicit and enforceable, the
system avoids reliance on unstructured conversational mem-
ory and enables formal verification of admissibility for each
transition.

Multi-Agent Composition over Shared State
The architecture employs a set of specialized agents that op-
erate over the shared typed state:

* Router Agent: Implements the transition function 6, se-
lecting tools or subagents based on the current state.

* Logic Agent: Performs reasoning audit.

* Question Agent: Verifies proper information is present
in high-level scientific queries to generate actionable sub-
tasks.

e Analysis Agent: Generates executable code for data
analysis, model result interrogation, and visualization.

e Summary Agent: Produces interpretable scientific nar-
ratives and summaries.

All agents read from and write to the same global state,
ensuring coherent reasoning across planning, execution, and
interpretation stages.

High-Dimensional Scientific Tools and Typed
Interfaces

To evaluate the architecture in a demanding Earth systems
setting, the system integrates three high-dimensional scien-
tific tools:

* Six Box MOC Simulation Model: An extension of the
model introduced by (Gnanadesikan et al. 2024), param-
eterized by 41 physical variables.

* MOC Forecasting Model: A sequence-to-sequence time
series forecasting model based on the Temporal Fusion
Transformer architecture (Lim et al. 2020), operating on
multivariate time series with input windows of 200 time
steps and output windows of 100 time steps.

* TIP-GAN: A generative model adapted from (Sleeman
et al. 2023c¢), with 30 structured physical inputs and 14
tunable hyperparameters.

Each tool is accessed through a typed interface that
constrains LLM-generated inputs to physically meaningful
ranges. This design mitigates a common failure mode in
LLM-assisted workflows, where generated code may be syn-
tactically valid and executable yet still produce scientifi-
cally invalid results without triggering runtime errors. By
enforcing validation at the interface boundary, the system
prevents invalid parameter regimes, inappropriate model as-
sumptions, and extrapolation beyond calibrated domains at
invocation rather than relying on post-hoc error detection.

Dynamic State Evolution and Traceability

Every tool or agent invocation results in:

1. Execution of the selected operation

2. Structured update of the global typed state

3. Selection of the next state transition by the router agent

This yields a dynamic execution trace:
S—=6C)—=8 —=6C)— -, 4)

where each transition is explicitly recorded and physically
admissible by construction.

By elevating the agent state to a first-class object, the sys-
tem provides fine-grained traceability across long computa-
tional workflows, enabling domain scientists to audit how
assumptions, parameters, and conclusions evolve through-
out the analysis.

Experiments

The experimental setup is designed to evaluate whether the
stateful LLM assistant could support non-trivial scientific in-
quiry through question decomposition and tool invocation.
Specifically, we investigate whether such an architecture en-
ables physically grounded scientific analysis, yields trace-
able and interpretable reasoning, and operates reliably. To
assess progress toward these goals, we tested the following
research questions:

* Scientific Reasoning (Q1): Does the agent demonstrate
coherent reasoning about MOC dynamics and their sen-
sitivity to physical parameters?

* Tool Selection and Use (Q2): Does the agent correctly
differentiate among available models and invoke them in
an appropriate sequence?

* Interpretability (Q3): Does the agent produce outputs
(e.g. summaries, figures) that are scientifically inter-
pretable to domain experts?



* Efficiency (Q4): Does the agent reduce the number of
model evaluations relative to baseline approaches such
as grid search and stateless tool-use strategies?

MOC Use Case Study

To empirically evaluate these questions, we design a con-
trolled experimental framework centered on MOC state
changes and the AMOC collapse. This use case study pro-
vides a well-scoped, yet nontrivial scientific setting in which
success criteria, failure modes, and reasoning errors can be
systematically observed.

We evaluate the proposed stateful assistant in this MOC
study that is traditionally conducted using exhaustive grid
search over physical parameters. In contrast to fixed, manu-
ally specified parameter sweeps, our system autonomously:
a.) selects parameter exploration strategies based on inter-
mediate simulation results, b.) invokes a six box MOC sim-
ulation model through physically constrained tool calls, c.)
maintains and updates a persistent global state across itera-
tions, and d.) synthesizes domain-interpretable conclusions
from the resulting simulations.

To isolate the contribution of explicit agent state, we com-
pare three experimental conditions:

1. Coarse to Fine Grid Search Baseline: Traditional prac-
tice of an oceanographer programming coarse to fine
sweeps over predefined parameter ranges and exiting
when the solution is found.

2. Stateless LLM Agent: An LLM-driven assistant with
identical tools, typed interfaces, and prompts, but without
a persistent structured global state, relying instead solely
on result message-passing via strings between steps.

3. Stateful Agent (Ours): The proposed architecture with
explicit state representation, typed interfaces, and state-
governed transitions.

The stateless agent baseline reflects common agentic
LLM designs in which reasoning and tool invocation occur
without an enforceable notion of persistent state. This com-
parison enables us to attribute observed differences in be-
havior, efficiency, and performance specifically to the state
representation, rather than to tool availability or prompt en-
gineering.

Table 1 lists the experimental prompts used to probe
these capabilities, while Table 2 summarizes quantitative
and qualitative results across all three approaches. The ex-
perimental prompts were selected to reflect scientifically
meaningful questions related to the stability and collapse
of the AMOC, as studied using reduced-order models and
Al-based approaches. In particular, the prompts align with
prior work leveraging simplified circulation models to study
abrupt transitions (Gnanadesikan, Kelson, and Sten 2018)
and recent machine learning methods for identifying regime
shifts in Earth system dynamics (Sleeman et al. 2023a).

Extended Tasks and Complex Scenarios

In addition to the core MOC use case study task, we further
evaluate the system on more complex scientific scenarios re-
quiring multi-step tool chaining and model training. These
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Prompt

1 Simulate the effect of increased northward freshwater flux
in the Atlantic and determine the value that will cause the
Atlantic MOC overturning to shut off.

2 Simulate the effect of increased southward freshwater flux
in the Atlantic and determine the value that will cause the
Atlantic MOC overturning to shut off.

3 Simulate the effect of decreasing Ekman flux and deter-
mine what value of the Ekman flux will cause the MOC
overturning to change states.

4  Simulate the effect of varying the Pacific pycnocline
depth and determine which of increasing or decreasing
the Pacific pycnocline depth will cause the overturning to
change states.

5 Simulate the effect of increased Areq; and determine the
value that will cause the Atlantic MOC overturning to shut
off.

6  Simulate the effect of decreased Areq; and determine the
value that will cause the Atlantic MOC overturning to shut
off.

7  Simulate the effect of varying e p and determine how large
it must be to cause the overturning to change states.

8 Simulate the effect of decreasing e¢;p and determine how
small it must be to cause the overturning to change states.

9 Simulate the effects of varying Agedi and determine

which of increasing or decreasing the Agrecqi parameter

will cause a change in overturning state quicker.

Simulate the effect of increasing the initial temperature

and the restore time for temperature in the North Atlantic.

Determine the value of initial temperature and temper-

ature restore time that causes the overturning to change

states.

10

Table 1: Scientifically motivated prompts used to evalu-
ate human and agent performance on MOC analyses. Each
prompt probes a distinct physical mechanism related to
MOC state (Gnanadesikan, Kelson, and Sten 2018).

experiments are designed to investigate the capacity of the
system to scale.

Specifically, we construct tasks that require multi-tool and
long-horizon scientific reasoning, in which the agent must
maintain the correct execution order, preserve intermediate
assumptions, and enforce physical admissibility across mul-
tiple tool invocations.

In the first experiment, the agent is prompted with:

“Predict the effects of varying northward freshwater
flux in the Atlantic on the AMOC over time.”

Addressing this query requires a sequential workflow in
which the six box MOC simulation model is first executed to
generate physically consistent circulation data, followed by
downstream analysis tools to forecast temporal trends and
sensitivities. Correct execution therefore depends on main-
taining both ordering and contextual consistency across tool
calls.
In the second experiment, the agent is prompted with:

”Train the most accurate TIP-GAN using the dataset
at dataset.pkl.”

This task requires coordinating multiple stages of computa-



tion, including dataset loading, model initialization, train-
ing, and hyperparameter selection. Successful completion
depends on tracking intermediate performance metrics and
preserving the training context across iterations, particu-
larly when interacting with a high-dimensional deep learn-
ing model.

In all experiments, the Router, Logic, Question and Sum-
mary agents are instantiated using Qwen-32B-FP8 (Yang
et al. 2025), while the Analysis agent uses GPT-4o0-mini
(OpenAl and et al. 2024). Collectively, these experiments
allow us to directly connect the system’s architectural ob-
jectives to measurable outcomes aligned with our research
questions, as well as investigate the extensibility of such a
system under growing complexity.

Evaluation
MOC Use Case Study Results

Table 2 summarizes the results of the MOC study under
the three experimental conditions. In general, the stateful
assistant reproduces expert-validated behaviors in five of
the ten evaluated prompts, with parameter estimates typi-
cally within one order of magnitude of the reference values.
Given that several physical parameters in the six box MOC
model span multiple orders of magnitude, this level of agree-
ment indicates physically meaningful reasoning rather than
chance alignment (Q1).

Grid Search Stateless State (Ours)

Result n Result n Result n
1 7.75e5 22 4.5e5 16 8.0e5 3
2 1.45e6 21 Nochange 7 4.5e5 5
3 1.50e7 22 2.4e7 5 1.50e7 4
4 Nochange 11 Nochange - No change 4
5 Nochange 23 le4 1 3000 6
6  Nochange 11 le4 17 Nochange ©6
7  Nochange 38 1.4e-4 16 Nochange ©6
8 le-5 14 7e-5 6 le-5 2
9 Decrease 29 Neither 19 Increase 2
10 92and55 17 N/A - 20.0and4.0 4

Table 2: Comparison of coarse-to-fine grid search (baseline,
reflecting standard oceanographer practice), stateless agent
and the stateful assistant. Here, n denotes the number of sim-
ulations required to reach the reported solution. Bold values
indicate exact agreement with the baseline.

Figure 3 shows a formatted output log from the prompt
8 result. In this example, the assistant successfully deter-
mines the threshold value of e¢;p at which the overturning
state changes. It also detects that a subsequent parameter
choice violates the model’s minimum allowable bound, cor-
rectly interprets the resulting validation error, and bases its
final conclusion on the valid simulation outcome.

Given the inherent stochasticity of LLM-based systems,
we additionally examine the distribution of outcomes pro-
duced by the stateful agent across 5 repeated runs on all
prompts. Figure 4 shows a representative sample of these.
Figure 4a and Figure 4c demonstrate that even in cases
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User Input: Simulate the effect of decreasing epsilon_IB and
determine how small it must be to cause the
overturning to change states.

State Update: user goal, Simulate the effect of decreasing
epsilon_IB and determine how small it must be to
cause the overturning to change states.

Tool Invocation: run_moc_simulation, epsilon_IB = 1e-05

State Update: Atlantic stable, Pacific state 1
Tool Invocation: run_moc_simulation, epsilon_IB = 5e-06

State Update: last_tool_call: Done

Figure 3: Formatted output log from a representative exe-
cution of the state-machine-oriented agent, demonstrating
step-wise reasoning, tool use, state evolution, and respect
for physical validity during a multi-step scientific task.

where the agent produces a correct answer on average,
repeated executions with nonzero temperature yield occa-
sional significant outliers, noting that the relevant parameter
scale in this task is on the order of 107. In others (Fig. 4b),
the agent slightly underestimates the value while still main-
taining relatively consistent outputs across runs. Finally,
Fig. 4d shows strong agreement with the expert-validated
reference value across runs. These patterns highlight task-
dependent variability and motivate further study with larger
sample sizes to more fully characterize the distributional be-
havior of LLM-driven scientific agents.

Although exact parameter matching remains challenging,
the stateful agent consistently achieves these results while
requiring substantially fewer model evaluations than both
grid search and the stateless LLM baseline, directly ad-
dressing efficiency (Q4). This reduction in simulation count
is achieved without sacrificing physical plausibility, sug-
gesting that explicit state enables more targeted and non-
redundant exploration of the parameter space.

We emphasize that these experiments are intentionally
small in scale and designed as a formative evaluation of
the proposed architecture. The goal is not to claim statis-
tical optimality but rather to expose systematic behavioral
differences between stateful and stateless agent designs in
a controlled scientific setting with complex tasks. As such,
these results provide initial evidence that motivates more ex-
tensive benchmarking in future work.

Failure Mode Analysis Several consistent failure modes
of the stateless system emerge from the comparison in Ta-
ble 2. Broadly, stateless agents struggle to appropriately
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Figure 4: Distributional behavior of the stateful agent across
repeated executions relative to the baseline. (a,c) show ac-
curate medians with occasional extreme outliers. (b) shows
similar variability but slightly underestimates the baseline.
(d) shows consistent agreement across trials.

scope their investigations, frequently invoking simulation
tools in an unfocused manner and repeatedly evaluating sim-
ilar configurations. These behaviors often lead to incorrect
conclusions, inefficient exploration, or execution loops that
ultimately time out. In contrast, explicit agent state mitigates
many of these issues by enabling more coherent tracking of
explored configurations and intermediate results.

One common failure mode is the inability to selectively
invoke relevant simulation tools within a constrained study.
Investigation of the execution logs reveals that stateless
agents frequently invoke multiple tools in an unfocused se-
quence, leading to incorrect conclusions after many simula-
tions. This behavior is most evident in prompts 6, 7, and 10,
where stateless agents repeatedly evaluate parameter config-
urations without converging on a correct interpretation of the
system behavior.
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A second failure mode arises from stateless agents misin-
terpreting the absence of observable change. For example, in
prompt 6, the stateless agent fails to recognize a valid “no-
change” regime and instead defaults to nominal MOC con-
ditions after repeated simulations. In contrast, the stateful
agent more consistently reasons about the explored parame-
ter space and correctly identifies cases in which no transition
occurs.

Stateless agents also exhibit inefficient exploration pat-
terns, frequently re-sampling previously explored regions
or repeatedly invoking identical model configurations even
when prior results remain available in context. These be-
haviors can lead to unproductive execution loops that ulti-
mately time out—indicated by “~" in Table 2—after 20 un-
successful attempts. By contrast, execution logs reveal that
the stateful agent avoids redundant simulations. The state-
ful agent requires fewer model evaluations than the stateless
agent (Table 2), indicating that explicit state tracking enables
a more coherent notion of experimental progress. However,
the stateful agent often favors coarse, order-of-magnitude
parameter sweeps rather than fine-grained optimization, re-
flecting stochastic exploration rather than systematic search.
Together, these observations suggest opportunities for in-
corporating classical search or adaptive sampling methods
within the stateful framework.

Overall, relative to the stateless LLM agent, the state-
ful system demonstrates more stable exploration behav-
ior, improved adherence to physically admissible param-
eter ranges, and more coherent summaries of parameter—
response relationships. These behaviors collectively con-
tribute to improved interpretability (Q3), more consistent
tool use (Q2), and reduced simulation cost (Q4).

Extended Tasks and Complex Scenario Results

Results from the extended tasks further demonstrate the ad-
vantages of explicit agent state in long-horizon, multi-tool
scientific workflows. In both complex scenarios, the state-
ful agent successfully completed the full sequence of re-
quired steps while preserving execution order, intermediate
assumptions, and physically meaningful constraints.

Freshwater Flux Forecasting Task In the freshwater flux
experiment, the agent maintained consistency between inter-
mediate six box MOC simulation outputs and downstream
AMOC forecasting. Execution traces show that the agent
recognized the need for input data before forecasting, gen-
erated simulation outputs with appropriate dimensionality,
and invoked the forecasting model with correct inputs.

Figure 5 illustrates a representative segment of this execu-
tion trace. This task is nontrivial and requires the selection of
41 physical parameters, the generation of multivariate ocean
circulation time series, and the windowing of the resulting
data into sequences of 200 time steps to satisfy the input re-
quirements of the forecasting model. Successful execution
therefore depends critically on maintaining stateful aware-
ness of data dependencies and execution context, directly
addressing tool selection and sequencing (Q2).

TIP-GAN Training Task In the TIP-GAN training ex-
periment, the stateful agent executed the entire training
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Figure 5: Trace using Langfuse (Rawert, Klingen, and De-
ichmann 2023) of stateful agent tool invocations in an ex-
tended scientific task. The agent identifies the need to invoke
the MOC simulation tool to generate the input to the MOC
forecasting tool. The trace illustrates state-aware tool chain-
ing and planning during multi-step reasoning.

pipeline, including dataset loading, model initialization, hy-
perparameter selection, and training execution. The agent
selected 14 hyperparameters and bounds for 30 physical in-
put variables in a high-dimensional configuration space.

The explicit state played a central role in the tracking of
prior errors and unsuccessful configurations, enabling rapid
correction and preventing redundant trials. Compared to the
human baseline, the agent adopted a more aggressive op-
timization strategy, including a higher learning rate (10~3
versus 10™%), a larger number of generators (3 versus 1),
and fewer training epochs (50 versus 100). Despite these dif-
ferences, all selected parameters remained within physically
admissible bounds, and the resulting models achieved classi-
fication performance comparable to human-tuned baselines,
as measured by weighted accuracy on both held-out test data
and generated samples (Figure 6).

Conclusions & Future Work

We introduced a stateful agentic architecture for scientific
reasoning in Earth systems science. By coupling stateful
control with typed state representations and multi-agent
composition, the proposed system supports structured scien-
tific investigation while maintaining physical grounding and
interpretability. The results demonstrate that an explicit, en-
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Figure 6: Weighted accuracy of TIP-GAN during training
with hyperparameters selected by a human versus the state-
ful agent. Comparable performance is observed between hu-
man and agent-selected hyperparameter trained models.

forceable agent state enables more reliable and efficient ex-
ecution of complex scientific workflows involving heteroge-
neous, high-dimensional tools. Across both controlled MOC
use case study and extended task scenarios, the stateful agent
exhibits coherent scientific reasoning, context-aware tool
selection, interpretable outputs, and reduces computational
cost relative to the baseline. These findings directly address
the core research questions posed in this work, demonstrat-
ing the advantages of stateful control for scientific LLM as-
sistants. This framework generalizes beyond the MOC study
to scientific workflows that require structured reasoning,
complex tool orchestration, and explicit state evolution.

This exploratory evaluation establishes a compelling
foundation for stateful agent architectures as a scalable and
transparent approach to scientific Al assistance. Future work
will focus on larger-scale benchmarking across a broader
range of scientific tasks, tighter integration of intelligent
search components, and exploration of learned transition
policies that augment the current state machine control logic
while preserving interpretability.
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