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Abstract

Physics-based simulations are essential in science and engineering, yet creating them typically
requires expert knowledge of numerical solvers and governing equations. Large language
models (LLMs) offer new possibilities for natural language-based simulation, but they often
fail when prompts are vague, incomplete, or multilingual. We present MCP-SIM (Memory-
Coordinated Physics-Aware Simulation), a self-correcting multi-agent framework that
transforms underspecified prompts into validated simulations and explanatory reports. The
system integrates input clarification, code generation, error diagnosis, and multilingual
explanation through structured agent collaboration and persistent memory. Rather than relying
on one-shot code generation, MCP-SIM emulates expert-like reasoning via iterative plan—act—
reflect-revise cycles. Tested on a twelve-task benchmark across diverse physics domains,
MCP-SIM achieved 100% success, significantly outperforming baseline LLMs. In addition to
numerical accuracy, the system produces interpretable, language-localized reports that explain
each simulation’s physical logic. MCP-SIM represents a step toward general-purpose

autonomous scientific assistants that simulate, adapt, and teach through natural language.



Introduction

Imagine describing a physical simulation in plain language, such as “simulate how
water flows around an obstacle shaped like a dolphin,” and receiving not only executable code
and visualizations, but also a structured, multilingual explanation of the underlying physics.
Such a capability would democratize access to computational modeling and open the door to
simulation-driven discovery for students, engineers, and researchers without specialized

programming or numerical expertise.

Despite recent advances in large language models (LLMs)'~, existing systems fall
short when tasked with generating reliable simulations from ambiguous or linguistically
diverse prompts®’-®, Real-world simulation problems often lack complete specifications,

including governing equations, boundary conditions, or material properties. Current

9,10,11 12,13,14
9

approaches, such as one-shot code generators , autonomous simulation agents and

physics-informed neural networks'>!6:17:18

, can provide partial solutions. Still, they typically
assume well-posed input and offer little capacity for error recovery, refinement, or scientific

explanation.

We hypothesize that this gap stems from a fundamental misalignment between one-
shot LLM-based generation and the iterative, multi-step reasoning that expert modelers use in
practice. To address this, we introduce MCP-SIM, short for Memory-Coordinated Physics-
Aware Simulation, a fully autonomous simulation framework that leverages a multi-agent
architecture'®?’?! to emulate expert-level simulation workflows. Rather than translating
prompts into code in a single step, MCP-SIM performs structured cycles of planning, acting,
reflecting, and revising through a network of specialized agents—each responsible for tasks

such as prompt clarification, code generation, error diagnosis, and multilingual explanation.



Central to MCP-SIM is a shared memory system that enables agents to collaborate
coherently and track the evolution of the simulation process. This architecture allows the
system to infer missing assumptions, self-correct failed simulations, and generate scientifically
grounded explanations—all without manual intervention. In benchmark evaluations across
twelve increasingly complex tasks, MCP-SIM demonstrated perfect success rates and robust
generalization across domains such as elasticity, heat transfer, multiphysics and fracture

mechanics.

Beyond its technical performance, MCP-SIM redefines how simulations can be
approached and understood. It serves not only as a solver but also as an autonomous scientific
assistant, capable of teaching users the rationale behind its modeling choices through
multilingual, interpretable reports. By bridging natural language and computational modeling,
MCP-SIM expands the frontier of accessible scientific computing and offers a blueprint for

future Al systems that both simulate and explain.



Results

A Physics-Aware Multi-Agent Framework for Simulation Automation

We present MCP-SIM, a memory-coordinated multi-agent framework that
collaboratively interprets, constructs, and executes finite element simulations directly from
natural language prompts. Designed to support structured reasoning workflows typical of
expert-level physics-based modeling, MCP-SIM integrates six specialized agents—the Input
Clarifier Agent, Code Builder Agent, Simulation Executor Agent, Error Diagnosis Agent, Input
Rewriter Agent, and Mechanical Insight Agent—all orchestrated by a central controller, the
Memory-Centric Orchestrator, which governs information flow via a persistent shared

memory (Figure 1).

At the core of MCP-SIM lies a Plan — Act — Reflect — Revise control loop that
enables self-correcting and interpretable simulation synthesis. Upon receiving a vague or

incomplete user prompt—such as “simulate fluid flow in an L-shaped pipe” ((D)—the Input
Clarifier Agent () infers essential simulation details like domain geometry, governing PDE

(e.g., Navier—Stokes), and boundary conditions using domain knowledge and language
understanding. These inferred attributes are stored in global memory as the canonical problem

specification.

Next, the Code Builder Agent () translates this clarified input into solver-ready

Python code via prompt templates infused with physics-aware heuristics for mesh generation,
solver configuration, and boundary condition specification, using FEniCS?? as the simulation
backend. These templates embed domain-specific heuristics that guide modeling decisions—

such as mesh refinement, solver configuration, and stability control—based on the physical



and numerical context of the problem. All assumptions, numerical strategies, and intermediate

artifacts are persistently logged, ensuring reproducibility and traceability.

The resulting code is executed by the Simulation Executor Agent (3—@) within a
sandboxed environment. In addition to standard execution, the agent monitors physically
meaningful indicators—such as conservation violations, residual divergence, or spurious field
oscillations—that may signal modeling or discretization issues. If runtime failures occur—such
as solver divergence, syntax issues, or physical inconsistencies—the system enters the Reflect
phase, where the Error Diagnosis Agent (D) is invoked. The Error Diagnosis Agent (D)
interprets failures in physical terms, such as insufficient mesh resolution or solver-mismatch.
It proposes targeted, physics-aware corrections—such as adjusting mesh density, reducing the
time step, or modifying solver parameters—based on all execution logs and memory history.
These corrections are communicated to other agents as structured hints (4-i) for subsequent
revision. If the issue stems from high-level ambiguity in the user prompt, the Input Rewriter

Agent (5-1) semantically revises the instruction (e.g., adding “mesh resolution = 64” or

“relaxation = 0.7”"), and the control loop restarts from clarification (2))

Upon successful simulation, the Mechanical Insight Agent (©) automatically

generates an interpretive report. This includes symbolic PDE summaries, physical reasoning
behind the model, and code-level annotations—all rendered in accessible formats and multiple

languages to support education and transparency (©®-i). Critically, the Memory-Centric

Orchestrator acts as the central coordination substrate, capturing the full trajectory of the
simulation: from prompt history and problem clarifications to code iterations, diagnostic logs,
and final results. This persistent trace enables context-aware decision making across agents and

prevents redundant computation or regressions.



In contrast to reactive prompt-to-code systems, MCP-SIM embodies memory-centric
simulation automation with interpretable physical reasoning, capable of resolving complex
physics problems through modular reasoning, targeted revisions, and cumulative reflection.
Prompt templates for each agent—such as PDE clarification, code generation, and diagnostic
hinting—were modularly designed based on domain heuristics. Their constructions are

described in Supplementary Note 1 and Supplementary Figure 1-5.

Benchmark Performance: Accuracy and Efficiency

To assess the robustness of MCP-SIM, we evaluated the system on a twelve-task
benchmark suite encompassing a range of physics domains—including linear elasticity, heat
conduction, fluid flow, thermo-mechanical coupling, piezoelectric deformation, and phase-
field fracture mechanics. These tasks were intentionally designed to reflect real-world
challenges faced by students and non-experts, such as vague boundary conditions, missing
material properties, and ambiguous geometry descriptions (Figure 2a; Table 1). Based on

prompt completeness and modeling complexity, we categorized the 12 tasks into:

Simple (Levels 1-4): Fully specified, single-physics problems.

Intermediate (Levels 5-9): Incomplete inputs requiring inference (e.g., geometry,

material, BCs).

® Challenging (Levels 10—12): Multi-physics with missing assumptions, inspired by

published problems without code.

To quantify how each component of MCP-SIM contributes to final performance, we
conducted an ablation study across the benchmark. A baseline GPT-4 model using one-shot
prompt-to-code generation solved only 6 out of 12 problems, often failing to infer missing

problem details or produce physically consistent outputs. Incorporating the Input Clarifier

Agent, which explicitly infers geometry, PDEs, and boundary conditions, increased the success



rate to 8 out of 12. Adding the Error Diagnosis Agent, which analyzes and corrects solver
failures, further improved performance to 10 out of 12. In contrast, the full MCP-SIM system—
with shared memory and orchestrator-driven agent collaboration—achieved a 100% success
rate, successfully solving all twelve tasks by combining clarification, repair, and reflection in

a structured control loop (Figure 2b).

In addition, we evaluated convergence efficiency by measuring the number of Plan—
Act—Reflect—Revise cycles required for each task. As shown in Figure 2¢, MCP-SIM typically
converged in fewer than five iterations, even for the most complex problems. This is a
substantial improvement over the baseline, which often failed to converge or required more
than a dozen iterations. These gains are attributed to structured memory, agent-level

specialization, and iterative self-healing.

Building on these performance metrics, Figure 3 visualizes the final outputs for the 12
benchmark tasks—demonstrating MCP-SIM’s ability to generate physically meaningful results,
even in the presence of ambiguity or missing information. The prompts were deliberately
designed to span a wide range of physical domains—including elasticity, fluid dynamics, heat
transfer, and coupled-field phenomena—and to vary in geometric and numerical complexity.
This progression ensures that MCP-SIM is evaluated not only on solvable cases but also on

how it responds to the kinds of ambiguity common in real-world practice.

Despite variations in governing equations and modeling complexity, MCP-SIM
consistently produced executable and physically plausible simulations without human
intervention. Through shared memory, the Input Clarifier and Error Diagnosis agent

dynamically inferred missing quantities such as inlet velocities, thermal conductivities, and



solver parameters. When failures occurred, the system recovered autonomously using physics-

aware refinement strategies, guided by the Plan — Act — Reflect — Revise loop.

Each simulation met physical convergence criteria, with residuals below 107
Importantly, the solutions were not only numerically stable but also physically interpretable.
For instance, in Level 1 (linear elasticity), the stress and displacement fields reflect equilibrium
under tension around a central hole. In Level 9 (3D heat diffusion), the temperature gradients
follow expected patterns of thermal conduction in a coil-shaped body—mirroring practical

thermal management setups.

These outcomes confirm that MCP-SIM is not narrowly tuned to templates but
robustly generalizes across domains. Even when given vague or under-specified prompts, the
system adapts and delivers physically meaningful results. This capability makes it a reliable
tool not only for automated simulation but also for educational and engineering applications

where interpretability, flexibility, and correctness are essential.



Expert-Level Reasoning from Minimal Prompts

To illustrate how MCP-SIM handles complex physical systems from minimal input,
we examine its performance on Level 12—the most challenging task in the benchmark suite.
This case involves reproducing a nonlinear phase-field fracture simulation’® from a single
prompt—-‘simulate crack propagation in a square domain with a central circle.”—without

numerical values, PDE specifications, or boundary conditions.

MCP-SIM successfully inferred that a phase-field fracture model was appropriate. The
Input Clarifier proposed a 2D domain with a central void, applied Dirichlet conditions at the
base, and assigned traction-free boundaries elsewhere. It also selected appropriate material
constants and solver parameters. The Code Builder Agent generated corresponding FEniCS
code, and upon encountering a syntax error, the Error Diagnosis Agent corrected the variational

form and mesh resolution.

After ten self-repair cycles, the simulation converged to physically plausible results
(Figure 4b), matching expected crack path evolution and stress concentration patterns
observed in expert-authored studies (Figure 4a). This case illustrates MCP-SIM’s capacity for
domain-aware abstraction, autonomous decision-making, and model justification, starting from
minimal human input. Full simulation codes automatically generated by MCP-SIM for all
challenging prompts—Level 10 (thermoelectric coupling), Level 11 (piezoelectric
deformation), and Level 12 (phase-field fracture)—are provided in Supplementary Figures
68, demonstrating the system’s ability to generalize across diverse and complex physics

domains.



Educational Insight and Multilingual Explanation

Beyond execution, MCP-SIM enhances interpretability and promotes simulation
literacy by automatically generating structured simulation reports. After each successful run,
the Mechanical Insight Agent produces multilingual explanations that describe the simulation's

physical principles, governing equations, boundary conditions, and solver strategies.

These reports are available in English and Korean (Figure 5), as well as Japanese and
German (Supplementary Figure 9), and follow a pedagogically consistent structure. They
combine code-level annotations with high-level rationales—for example, explaining why
Dirichlet rather than Neumann boundaries were applied, or why certain solvers were selected

for stability.

Importantly, these reports go beyond explanation—they scaffold student learning.
They clearly define simulation goals, unpack physical models and assumptions, and guide users
through critical implementation choices. By including localized language support and
conceptual reasoning, MCP-SIM acts as a virtual teaching assistant—helping learners not just
run simulations, but understand them. This reduces barriers to simulation-based education and

broadens access across languages, disciplines, and levels of expertise?”.



Discussion

The results presented above highlight MCP-SIM as a step change in autonomous
simulation, demonstrating how LLMs, when structured through multi-agent collaboration and
persistent memory, can move beyond static code generation toward self-correcting,
interpretable scientific computation. Unlike prior systems that rely on single-step prompt-to-
code translation, MCP-SIM emulates the iterative reasoning loop of human experts—planning,
acting, reflecting, and revising—through modular agents that perform distinct tasks such as
input clarification, code repair, and physical explanation. This architecture allows the system
to recover from incomplete or ambiguous inputs and deliver physically plausible outputs across

diverse domains including elasticity, heat conduction, and fracture mechanics.

Importantly, MCP-SIM is not a black-box tool. It generates multilingual educational
reports that explain the governing equations, boundary conditions, solver strategies, and
assumptions underlying each simulation. This interpretability distinguishes it from
conventional LLM-based tools, positioning it as an autonomous scientific assistant that can
both compute and teach. The ability to explain results in multiple languages also extends
accessibility to a broader community of students, educators, and practitioners. The
generalization observed across all twelve benchmark tasks suggests that MCP-SIM captures
not just surface-level patterns, but domain-aware abstractions that transfer across physical
systems and modeling contexts. This capacity for abstraction is particularly evident in Level
12, where the system reproduced a published fracture simulation from a single-sentence prompt

without explicit geometry or equations.

Despite these strengths, several limitations remain. MCP-SIM is built on a general-

purpose LLM (GPT-40), which is not fine-tuned for specific physical domains. As a result,



performance may degrade in specialized settings involving rare material models, advanced
PDE solvers, or multiphysics coupling beyond the training distribution. In addition, the
iterative reasoning loop—while essential for robustness—introduces computational latency
that may limit deployment in real-time or resource-constrained scenarios. Future work will
focus on integrating domain-specific foundation agents, incorporating symbolic physics
engines, and optimizing inference for high-performance computing environments. Expanding
the benchmark suite to include real-world data, sensor input, and experimental validation will
also be crucial for establishing trust in high-stakes applications. We also envision integrating
MCP-SIM into collaborative platforms where human users and Al co-design models, exchange

reasoning steps, and accelerate discovery.

At a broader level, MCP-SIM signals a shift in the role of LLMs in scientific
computing—from passive generators of syntax to active participants in modeling,
interpretation, and explanation. By embedding physical reasoning, structured iteration, and
educational transparency into its core, MCP-SIM lays the foundation for a new class of tools
that make simulation not only more powerful but also more accessible, adaptive, and

scientifically grounded.



Conclusion

We have introduced MCP-SIM, a fully autonomous, multi-agent framework for
interpreting natural language prompts and generating physically consistent, validated
simulations along with multilingual explanatory reports. By integrating task-specialized agents
and structured memory within a reflective reasoning loop, MCP-SIM mimics expert modeling
workflows—clarifying incomplete inputs, self-correcting failed simulations, and articulating

the physical logic behind modeling decisions.

Through comprehensive benchmarking across twelve tasks of increasing complexity,
the system demonstrated strong generalization across physical domains and outperformed
baseline LLM-based methods in accuracy, convergence speed, and interpretability. Its ability
to explain simulations in multiple languages further expands its role from solver to educator,

bridging gaps between disciplines, languages, and expertise levels.

MCP-SIM exemplifies a new paradigm for Al-driven scientific modeling—one that
blends computational accuracy with transparency and accessibility. As autonomous agents
become increasingly integrated into scientific workflows, systems like MCP-SIM will serve as

foundational infrastructure for simulation-based discovery, design, and learning.



Methods
Agent Framework Design

The MCP-SIM system is built atop GPT-40 (OpenAl, 2024 release) and leverages the
LangChain framework for orchestrating multi-agent workflows. Each specialized agent—such
as the Input Clarifier Agent, Code Builder Agent, Simulation Executor Agent, Error Diagnosis
Agent, and Mechanical Insight Agent —is implemented as an independent callable chain within
LangChain’s abstraction layer. Agents communicate exclusively through a shared global
memory, structured as a JSON-based context log that records all inputs, clarifications,
generated code snippets, execution outputs, and error diagnoses at each step. The orchestrator
module centrally manages agent invocation according to predefined rules: for example, syntax
errors trigger Error Diagnosis Agent first, while physical anomalies trigger Mechanical Insight
Agent analysis. Importantly, agents do not call each other directly; all task planning and
transitions are mediated by the orchestrator, ensuring reproducibility and traceability across
complex Plan — Act — Reflect — Fix cycles. All models are deployed without task-specific
fine-tuning, relying purely on prompt engineering and tool orchestration to achieve

autonomous simulation.

Simulation Backend and Libraries

In MCP-SIM, simulation agent is based on the open-source FEniCS computing
platform, a widely used library for solving PDEs via finite element methods. Python 3.9 was
used as the scripting environment, and all generated codes employed standard FEniCS
constructs for mesh generation, function space definition, weak form assembly, and nonlinear
solver execution. Simulations were run locally in sandboxed Python environments without

manual modification unless otherwise noted.
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Figure 1 MCP-SIM workflow and agent collaboration. The system starts with a user’s natural
language prompt, which is clarified by the Input Clarifier Agent to identify missing details (geometry,
PDE type, boundary conditions). The Code Builder Agent then generates solver-ready Python code. If
errors occur, the Error Diagnosis Agent identifies and corrects them. Finally, the Mechanical Insight
Agent produces a multilingual report explaining the simulation's physical principles and results,
showcasing how MCP-SIM ensures accurate, executable, and educational outputs through agent

collaboration.
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Figure 2 Benchmark evaluation of MCP-SIM across varying simulation complexities. (A) Twelve
benchmark tasks categorized by increasing difficulty—from well-posed, single-physics problems
(Levels 1-4) to abstract, multi-physics challenges (Levels 10-12). (B) Success rates across different
agent configurations, comparing baseline GPT-4 setups with MCP-SIM. (C) Number of Plan—-Act—
Reflect—Revise cycles required for successful outcomes. MCP-SIM consistently solves all tasks within

five iterations, significantly outperforming baseline models.
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T(x=L)=0,V(x=0)=0, and Neumann current
flux conditions at x=L.

Simulate steady-state 2D heat
conduction in a square plate. Left wall:
100°C, right wall: 0°C. Top and bottom
insulated. Thermal conductivity = 1.0.

IEEEAs mulate a 2D cylinder unsteady
with boundary conditions to slowly
increase the flow velocity from Oto 88 m/s

Level 11
deformation under voltage loading on
boundary. Material is a standard piezo-

Simulate piezoelectric

ceramic.
Displacement

o 01

Electric Potential
—
0 100

E=ERA simulate 2D heat transfer in a
square plate. Left: 80°C, right: 20°C, top:
50°C, bottom: insulated. Use thermal
conductivity 1.5.

Temperature
=

(0}

SRR Use a circular dolfine STL geometry
and perform compression analysis using
increasing Neumann load.

Displacement
-

Simulate crack initiation and
growth in an elastic material with crack-tip
using a phase-field model. Apply vertical
loading at the top.

Damage
—

1

Figure 3 Simulation results for the 12 benchmark problems used to validate MCP-SIM across
different physics domains. (Top-left to bottom-right): The figure presents the final simulation outputs
from MCP-SIM for each of the 12 levels of complexity, ranging from basic linear elasticity (Level 1)

to advanced multi-physics problems such as phase-field crack growth (Level 12).
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Figure 4 Autonomous reproduction of expert-designed fracture simulations from minimal

prompts.

(A) Agent reasoning process for Level 12: From a single-sentence prompt, MCP-SIM infers

geometry, governing equations, and solver setup through iterative agent collaboration. (B) Problem

setup: a square domain with a central circular crack tip subjected to 5% upward displacement on the

top boundary; bottom boundary is fixed, representing a quasi-static tension condition. (C) Comparison

of crack propagation results obtained using ABAQUS (top row) and the MCP-SIM framework (bottom

row). Both methods predict symmetric crack growth from the circular notch, validating the correctness

and robustness of the autonomous simulation workflow.



- Figures x+ - o x
« > o (G Ihtp/kaistméackr/ DK ]
. . . .
Student (USA) Mechanical Insight Agent: Simulation Report (USA)
us English
& Simulation Report: Heat Conductionin 320 Domain ©  Right boundarys et to constant temperature o 0
001 1. Simulation Goal . The term h
7I\/Aulti-Agent System ‘The provided FENiC: e residual of the PDE.
4 N heatequat (P0E), time The | T g Ash fiom (E58 o SR St
Simulation simulation in with specif « output filefor visuali
completed st
A 2. Physical Concepts 5. Critical Factors
, which ithin a material. The key =
heat, 's law. () pla
us: What does this ©  Timestep(dt): d ller at
simulation code requires more computational time.
actually solve? 3. PDE Explanation + Boundary Conditions:
& 6. Numerical and Performance Considerations
ar _ V. (kvT) *  stability: The backward Euler method
ot steps for accuracy.
@Simulation Goal T )\ o o T « Solver Parameters: The Newton solver with the MUMPS linear solver is used, which s efficient for large systems.
@ PDE . V- (kVT) heat flux, where. T .
(] Code Breakdown gradient 7. Conclusion
) Critical Factors o . ) i ”
©Suggestions d | i
for Students 4. Code Analysis management in engineering applications.
the geometry file ( dorr ). If: , it 8.
assumes a unit square domain.
Boundary Definitions: Three boundary classes ( BoundaryXo , Boundaryk1 , Soundary¥1 ) are defined to dentify the left,right, and i
top boundaries of the domain. M
+ Funet 7 tnearL 1, 1), subleforsoing POES. scenais )
. Boundary Conditions: Dirichlet boundary conditions are applied: #; “Valklation: tswith
i o Lot 100 and
- Figuies x o+ - o x
« » o (& lhup/kaistméaackd/ DX
. . ” .
.
Mechanical Insight Agent: Simulation Report (Korea) TR
KR SHE 0] Top/Right 40°C,
Left 20°C,
& NBOIH 2DM: 20 FAOMO| FHE o XV FUEV|2E LEE EHHHO 5022 YHELICH Bottom 100
= .« WEEA: 2 wyel G ¥l 215 A8 210f FolELICt 80) ¢ & PDES] TAIE LietuLIch
LAEYOH SR o MZEA ¢ - 0 OfM ¢ - 1 MR AIZFE o - 0.1 2 PDES SHZSH7| IS ZES AIZH B REI} RHELCH =
B Fenics AEE OXE FAOLH YAIHD § HES NBAONULICL 2 REE P YL, S Mol wBApong | © FHEEWEE AT ok our Y071 LI — et e
S50} IFE 7/191% T UOIA AIZI0l X0l T2 £ £ 7} o{ A WRISHEXIS Ofaiets HYLICH AIBRI0INE 83 Y
£ 7H ©9 B FA0NS| 5 B2 DHHLIC 5.F2 a8 Sintliation ]
completed /\ 4
o MeshdHHE: 29| REE mesh 3H4 g2 28 meshis G B ADNT HBGKIE AL \
2. 225 e Mesh B41E: A|B210]410] TE = mesh 3141 £0] T2} S2HELIC B M 28 meshi= T RS 25 MR/ At b B
PRy AMO002
ABEOIME 3 UOIATC @ OfLR] I ARl § R 0| alof JIRLICE Of714 818 @21 74 Fourier WEI01 Ol | o AIZHE( e ) AIZF EA2I MEAE AIB2AOIMHS] OEAT BRSOl FHE OITLICHE e S48 BUNT S 2 Student (Korea)
RdfslE Eol HAYULICL UHEE OPINH( )& BHE 531 €0l YoHLI M2l HUSIEXIS FUSE ISR AUB YU | XY C WS AL A0l BRYUC :What does this
KR
ot . ool 21t @ o 2 TU8 Bu2A 4T 20l o . :
%21 22 0l0| 91 URS @1 9191 201 TUE BUIZA S 2Ol FaTLICH bl
3.PDE Y 6. 4% % 45 DafARY actalyisotvey
Ol Alaiol 42l Xl poEis CHE 3t 28 B WENYULIC . R AIZHES fI0l BT 223 WO B/, Ol FA QEHOINY HHLS ISt G HE AY EAZ HRY
+geut
% = V. (kvT) o A1 7R MUMPS £ BZ71S A3 Newton 717} ABEID], Ol = Y AIAEO] SR HYLICH
o Znzi0|nE 2o algE Liekduct, .48 glemEulatwn Goal
¢ V- (kVT): @ BHA SULES LIEOL, O7IM ke FUEE0IDVTE 25 FHYLICH O] AI@210| 42 20 FAOI MOl YAIHD! & HE ASO| e EHAS HBYLICH 8 22 U 8 KYS T2l G AIZ (] Code Breakdown
O] WA €al Lol B HE 2 ls) AIZ10| X|\o Tf2} 8.7} 0f A MelHEXIS 2 ALc 0l X/t0] Gz £ £71 Of A BStSH= XIS I GLICH 2The BoH SBOLAS! & B2 Oshol ABE + YerLick @ Critical Factors
©Suggestions
4R BN 8. M AR for Students
 Mesh Ol TE £ XML TR aotin_ine. et 1B AHB 81O 7181810t mesh HOlohs A2 2 AISRILICH IhQI0| Qo gl = Mesh MBSk ML AL BBl BUR 37| 434 CHY2 mesh =2 HASSHUA L.
HAfzre @oig gL .+ BESYEHECO CYY UB UM ¥ REO| DAL BUE BRI,
o« AL H NS B B soundarso, soundoryt, soundsryvt )7 HOISI0| ASAO] U1, QBT M0 AT g | ¢ UEABAOIL AIBAOLY AIZE AHOAL CHYE 37 TUE MBI YT AILIULE BAHYAIS.
ot - HE:ABAOIM ZTS 241 ohH0[L} A ClOlElS BT HEIAIL
*  Facet YA ZUEH L E: p:2 e 3] pos p
5 ‘"}”'A“”‘ b '“”‘5:”6’ 9 ”:;mem . FEnics SES EAJ8HE 0] TXHE Y3 WAS AIGA0IMe I ol £9t 7| F 4ot EHIojshS Bk 1
.+ BB HYATYF 2400, )5 B0 POES S2SH7I01 BT B4 B2 v IH BB I Aol et B He o BB
75 Didchlet 47 £20| HSBLICk
o % U4E AL 2B 25 10002 HBEYLCL it Y Lt
o o8& YHY £ 002 YHEUL,

Figure S Mechanical insight agent: simulation reports - English and Korean. This figure showcases
simulation reports generated by the Mechanical Insight Agent in English (USA) and Korean. The
reports provide comprehensive, student-friendly explanations of the simulation, including details on the
simulation goal, physical concepts, PDE explanations, and critical factors. The multilingual capability
ensures that students from different backgrounds can easily understand the process and results of their

simulations.
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Level

Problem Type

2D Linear Elasticity

2D Linear Elasticity

Steady-State
2D Heat Conduction

2D Heat Transfer

Incompressible
Navier-Stokes Flow

Viscous Flow
in L-shaped domain

Unsteady Flow in 2D Cylinder
2D Compression Analysis

3D Heat Diffusion

Challenge
Simple case, fully specified
Slightly more complex geometry
and boundary conditions
Thermal conduction simulation
with fixed boundary conditions
Complex temperature boundary conditions
Simulate viscous flow with inlet
and outlet conditions

Inletand outletare implied
without explicit boundary conditions

Simulate unsteady fluid flow
with varying velocity

STL geometry for compression
under Neumann boundary conditions

Complexgeometry with heat diffusion

Key Parameters/Omissions

Geometry (5x5 square domain,
central circular hole, displacement)

Central hole geometry,displacement
boundaries, material properties

Temperature boundaries (100°C,0°C),
thermal conductivity

Thermal conductivity (1.5), boundary
temperatures

Inlet velocity, outlet pressure,
boundary conditions

Flow conditions not explicitly stated

Velocityincrease over time,
boundary conditions

STL geometry, applied load

Heated boundaries, isotropic material

/ertical loading at the top, ¢

ck-tip model

Objective
Test basic simulation handling
with well-defined inputs

Handle geometric complexity
with standard boundary conditions

Simulate steady-state heat conduction
with fully specified data

Test ability to handle thermal problems
with different boundary conditions

Handle fluid dynamics with given velocity
and pressure conditions

Handle undefined boundary conditions
in L-shaped domain

Test fluid dynamics under time-dependent
flow conditions

Handle geometricinput (STL) for compression analysis

Test 3D heat diffusionwith complexgeometries
and varying boundary conditions

deformation
d boundaries

ndle complex

acturegr
rial behaviorin simula

Table 1 Overview of MCP-SIM test levels and objectives. This table presents the twelve test levels

used to evaluate MCP-SIM's performance across a range of simulation challenges. Each level addresses

specific problem types, from simple linear elasticity to complex multi-physics scenarios. The table

outlines the key challenges, parameters or omissions, and objectives that each level aims to test,

demonstrating the system's ability to handle both straightforward and ambiguous inputs in various

engineering domains.
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Supplementary Note 1. Prompt Template Design

Our prompt templates build upon the structure of standard FEniCS tutorials’, but
extend their capability through a systematic design process that combines modularity and
expert knowledge. We began by decomposing existing tutorial examples into reusable
functional blocks—such as geometry inference, PDE selection, boundary condition

specification, and numerical settings.

To embed domain expertise, we interviewed three computational mechanics specialists
and compiled over thirty physics-aware heuristics, including CFL stability limits, mesh
refinement ratios, and solver tuning strategies etc. These heuristics were encoded into a
dynamic ruleset, which populates specific sections of the prompt templates using context-

sensitive calls to GPT-4o.

This design ensures that the resulting prompt templates are not only physically
grounded and adaptable to a wide range of modeling tasks, but also maintainable, verifiable,

and aligned with real-world simulation practices.



InputClarifyAgentPrompt

You are given a user's simulation request in natural language. Based on the following
guidelines, generate a **single-paragraph, fully specified simulation descriptionx*
suitable for direct use in FEniCS.

Carefully consider the following aspects when clarifying:

Problem Type and Structure

- Identify the PDE type: heat, fluid (Navier-Stokes), elasticity, fracture, reaction-
diffusion, etc.

- Specify whether the problem is steady or time-dependent.

- Determine if it is multiphysics (e.g., thermo-elasticity, fluid-structure
interaction, electro-mechanics)..

- Identify spatial dimension: 2D or 3D.

- Describe the domain shape: rectangle, circle, cylinder, presence of notch, etc.

Field Variables and Conditions

- Define field variables such as u, p, T, d, k, etc.

- Infer and describe boundary and initial conditions clearly.

- Estimate required material properties: E, nu, k, rho, cp, mu, Gc, etc.

Numerical Settings

- Suggest appropriate time step dt (if transient).

- Recommend solver structure (e.g., nonlinear Newton solver, staggered scheme).
- Mention output format (e.g., whether to store results in .xdmf).

Format your output as one complete paragraph in clear technical English.
Do NOT include section headings or bullet points.

Supplementary Figure 1. Input clarification prompt template used by the Input Clarifier Agent.
This prompt guides the Input Clarifier Agent in transforming a vague or underspecified natural language
simulation request into a fully specified description suitable for FEniCS-based execution. It outlines a
set of physics-aware heuristics to infer PDE types, domain geometry, time-dependency, field variables,
boundary conditions, material properties, and solver configurations. The agent is instructed to return a
single coherent paragraph in clear technical English, enabling downstream agents to operate on a
standardized, well-formed simulation specification. This clarification step plays a critical role in MCP-
SIM’s Plan — Act — Reflect — Revise loop by providing physically grounded initial conditions from

incomplete input.



ParsingPropmt

You are given a clarified simulation specification intended for FEniCS.
Your task is to parse this paragraph into a structured JSON object that captures all
key attributes needed for code generation.

The output must be a valid JSON with the following fields:
problem_type (e.g., heat, fluid, elasticity, hyperelasticity, fracture)
pde_description (a short descriptive sentence)
dimension (1, 2, or 3)
domain (shape description)
domain_geometry_file (optional, use null if not needed)
mesh (object with fields: nx, ny[, nz]) — include nz only if 3D
variables (e.g., ["u"]l, ["u", "p"]1, ["u", "d"])
time_dependent (true/false)
nonlinear (true/false)
coupled (true/false)
boundary_conditions (list of Dirichlet or Neumann conditions)
initial_conditions (initial values for each variable)
source_terms (list, or empty array [])
material_properties (dictionary of physical parameters)
notes (optional field for special considerations)

Output only the JSON object. Do not include any explanation, markdown, or code
block.

Supplementary Figure 2. Parsing prompt used to convert clarified descriptions into structured
simulation specifications. This prompt defines the behavior of the Parsing Agent, which transforms a
clarified natural language simulation description into a structured JSON schema suitable for
downstream code generation. The output includes key simulation attributes such as problem type,
governing equations, dimensionality, geometry, mesh resolution, variable fields, boundary/initial
conditions, solver settings, and physical material parameters. By enforcing a consistent JSON structure,
this agent enables modular interoperability across MCP-SIM agents, ensuring that code synthesis, error

diagnosis, and simulation execution remain aligned through shared semantics.



ErrorDiagnosticPrompt

You are a diagnostic agent specialized in identifying and resolving errors in Python
code for FEniCS-based simulations.

Your task is to:

1. Analyze the simulation output and error logs.

2. Accurately identify the root cause of failure in the original code.

3. Return the corrected full version of the code as plain Python (no markdown).

Output Format (must follow this JSON schema):
{{
"fix_type": "parsing" or "code",
"hint": "Explanation of the error and how it was fixed",
"after_code": "Modified full Python code",
"confidence": float between 0.0 and 1.0

Supplementary Figure 3. Error diagnosis prompt used by the Error Diagnosis Agent. This prompt
defines the task of the Error Diagnosis Agent, which is responsible for identifying and resolving runtime
errors in FEniCS-based simulation code. It instructs the agent to analyze simulation logs, locate the root
cause of failure, and return a corrected version of the code in plain Python. The prompt enforces a
structured output format using a JSON schema that includes the type of fix, an explanatory hint, the

corrected code, and a model confidence score.



InputRewritePrompt

You are a simulation assistant tasked with rewriting vague or incomplete user
simulation requests into fully qualified descriptions suitable for FEniCS-based
execution.\n\n

Given the following inputs, infer any missing details such as dimension, PDE type,

mesh resolution, coupling behavior, and clarify ambiguous phrasing.\n\n

A Guidelines:\n"

- Keep the rewritten input concise but complete.\n

- Use professional, technical English.\n

- Ensure the result includes everything needed for accurate code generation.\n\n

Supplementary Figure 4. Input rewriting prompt used by the Input Rewriter Agent. This prompt
defines the behavior of the Input Rewriter Agent, which refines vague, incomplete, or ambiguous
simulation prompts into fully specified descriptions suitable for code generation. The agent is instructed
to infer missing details—such as dimensionality, PDE type, mesh resolution, and coupling behavior—
and to resolve unclear phrasing. The output must be concise yet complete, written in professional
technical English, and formatted for direct use in the code generation pipeline. This rewriting step is
crucial in MCP-SIM’s self-correction loop, enabling recovery from high-level ambiguity and ensuring

semantic consistency across simulation agents.



MechanicallnsightPrompt

You are a mechanical simulation expert. Analyze the following FEniCS code and
produce a structured, student-friendly report that explains its scientific intent
and mechanical significance.

@ Respond in the specified language: {language}. Keep the tone accessible and
instructional, suitable for advanced undergraduate or graduate students.

Your explanation should include:

1. **Simulation Goalx*: What physical problem does the code solve? Which equations
and conditions are modeled?

2. **Physical Concepts**: Describe the mechanical or physical principles used (e.g.,
stress, diffusion, elasticity, Navier-Stokes).

3. **PDE Explanation**: Explain the governing PDE, its terms, and their physical
roles.

4. *xCode Analysis*x: Line-by-line or block-level explanation of what the code
implements (e.g., mesh, boundary conditions, solvers).

5. *xCritical Factors*x: Highlight sensitive parts like mesh resolution, time step,
boundary settings, and their impact on accuracy.

6. *xNumerical and Performance Considerations*x: Discuss numerical stability and
optimization strategies (e.g., backward Euler, Newton solver parameters).

7. *xConclusionxx: Summarize the physical insights provided by this simulation and
how it could be extended or validated.

8. **Recommendations**: Suggest improvements or test variations (e.g., material
property changes, different loading conditions).

Supplementary Figure 5. Explanation prompt used by the Mechanical Insight Agent. This prompt
defines the behavior of the Mechanical Insight Agent, which generates structured, student-friendly
simulation reports from FEniCS-based code. Designed to support interpretability and education, the
prompt instructs the agent to explain the physical problem, underlying PDEs, numerical methods, and
modeling decisions in accessible language. The explanation is tailored to advanced undergraduate or
graduate-level students and includes sections on simulation goals, physical principles, critical
parameters, solver strategies, and potential extensions. The prompt also supports multilingual output by
specifying the target language, as shown in Figure 5. This agent operationalizes the “explanation”

capability of MCP-SIM and serves as a virtual teaching assistant for simulation-based learning.



from fenics import *
import numpy as np

Point (0, ©), Point(L, W), nx, ny)

P1 = Finit 'P', triangle, 1)
element = K
W_space = sh, element)

undary) :
) and on_boundary

ogy().dim()-1)

bdomain_data=boundaries)

* grad(T))

Lver_parameters=solver_parameters)

T_sol, V_sol = U.split()

e("temperature. xdnf")

_potential.xdmf")

print("B Fully coupled thermoelectric simulation with Neumann boundary completed.")

Supplementary Figure 6. Generated code for Level 10: Steady-state thermoelectric simulation.
This figure shows the complete FEniCS code generated by MCP-SIM for Level 10, which involves a
steady-state, coupled thermoelectric simulation in a 2D rectangular domain. The simulation solves for
both temperature and electric potential using mixed function spaces and incorporates Neumann and
Dirichlet boundary conditions. The agent pipeline successfully configured the geometry, constitutive
relations, PDE weak forms, solver parameters, and output routines. This result demonstrates MCP-
SIM’s ability to autonomously generate valid multiphysics code from minimal input, including correct

coupling terms and solver configurations.



from dolfin import *

mesh = RectangleMesh(Point(8, 8), Point(1
V = VectorFunctionSpace(mesh, 'P', 1)

def left(x, c ounda
return near(x[0],

):

, tol) and on_boundary

def right(x, on_bound
return near(x[0], 1.0, tol) and on_boundary

bc_left = DirichletB ub(0), Constant((0, 0)), left)
bc_right = DirichletBC( (0).sub(1), Constant(le6), right)
def top(x, on_boundary):

return near(x[1], 0.2, tol) and on_boundary

def bottom(x, on_boundary):
return near(x[1], 0, tol) and on_boundary

bc_top = DirichletBC(W.sub(1), Constant(1000), top)
bc_bottom = DirichletBC(W.sub(1), Constant(®), bottom)

bcs = [be_left, bc_right, bc_top, bc_bottom]

(u, phi) = TrialFunctions(W)
(v, psi) = TestFunctions(W)

matrix([[1, nul,

[nu, 111)

epsilon_6
epsilon =

epsilon_mech = sym(grad(u))
D = -epsilon * grad(phi) + as_vector([e[8, 0] * epsilon_mech[0, 0], e[0,

epsilon_mech[1, 1]1)

= (inner(C * epsilon_mech, sym(grad(v))) - inner(D, grad(psi))) * dx
= dot(Constant((0, 0)), v) * dx

w = Function(W)
solve(a == L, w, bcs, solver_parameters={"linear_solver": "mumps"})

(u, phi) = w.split()

xdmf_file_ DMFFile("displacement.xdmf")
xdmf_file_ph: XDMFFile("electric_potential.xdmf")
xdmf_file_i u)

xdmf_file_| e

Supplementary Figure 7. Generated code for Level 11: Piezoelectric deformation simulation. This
figure shows the complete FEniCS code generated by MCP-SIM for Level 11, which models
piezoelectric deformation under voltage-induced loading. The simulation couples linear elasticity with
electrostatics, using mixed finite element spaces to simultaneously solve for displacement and electric
potential. The agent autonomously inferred the correct material parameters, boundary conditions, and
coupling terms. Key features include the definition of piezoelectric tensors, permittivity handling, and

contraction rules for shape-consistent matrix operations.



), Point(
), Point

- notch_right

1))

Supplementary Figure 8. Final simulation code generated for Level 12 (phase-field fracture). This
figure presents the complete Python script automatically generated by MCP-SIM for the most
challenging benchmark prompt (Level 12), which involves phase-field crack propagation in a 2D
domain with a central circular void. The code includes physically consistent parameter initialization,
boundary and initial condition assignment, alternating solution of displacement and damage fields, and
convergence monitoring through a self-correcting loop. This result was obtained without manual
intervention, demonstrating MCP-SIM’s ability to autonomously generate stable, executable finite
element models from vague natural language prompts through multi-agent reasoning and physics-aware

heuristics.
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Supplementary Figure 9. Multilingual simulation reports generated by the Mechanical Insight
Agent in Japanese (top) and German (bottom). These reports illustrate MCP-SIM’s capacity to
deliver structured, domain-informed simulation explanations in multiple languages. The reports
maintain a consistent pedagogical format across languages, including explanations of the simulation
goal, underlying physics, PDE formulation, numerical strategies, and modeling assumptions. Each
report is automatically generated from code and context, enabling simulation transparency and

accessibility for learners from diverse linguistic and disciplinary backgrounds.
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