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Abstract

Large language models demonstrate strong capabilities in reasoning over text-based knowledge, but they remain disconnected from
the mechanistic and numerical knowledge embedded in simulation models. This limitation is critical in engineering problem-
solving, where reliable answers often require verifiable computation rather than volatile text generation alone. This paper presents
a simulation-integrated LLM-agent framework for orchestrating computation processes and optimising process parameters to solve
engineering problems. Given a natural-language input describing an engineering problem, the system constructs and executes a
computation process by orchestrating relevant simulation functions to obtain quantitative outputs to solve the problem. When
the computed outputs fail to satisfy user-specified target ranges, the system initiates parameter optimisation by determining ad-
justable variables in the orchestrated computation process and searching for parameter adjustments that improve alignment with the
user-specified targets. The system is evaluated in the context of pharmaceutical manufacturing through two sets of experiments:
benchmark testing of engineering task-solving performance and additional case-study testing on process parameter optimisation.
Results demonstrate that the system achieves a 75.0%—-91.5% correctness rate in quantitative computation; the optimisation results
further show that the system can assist users in identifying effective parameter adjustments across different engineering domains
and simulation types. Overall, the proposed system demonstrates an industrial Al application for quantitative engineering decision
support.

Keywords: Large language models, agent systems, process engineering, simulation models, tool orchestration, simulation-based
optimisation, engineering decision support

1. Introduction tic responses, fail to converge consistently across repeated at-
tempts [9], or abstain from answering [[10, [11]]. Such behaviour

Recent progress in large language models (LLMs) has cre- limits their reliability in industrial engineering applications.

ated new opportunities for accessing and using engineering

knowledge through natural-language interaction [ 2 B3| 4. This limitation is particularly critical in engineering tasks,

However, a fundamental limitation remains: not all domain
knowledge is captured in language. The scaling laws of LLM
training on text corpora [} 6] are approaching diminishing re-
turns [7, [8]], as the availability of high-quality human-generated
text is inherently limited. When required knowledge is miss-
ing or insufficiently learned, LLMs may produce vague heuris-
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which require precise, quantitative, and reproducible results
rather than reasonable text generation. In engineering domains,
a substantial portion of knowledge is embedded in domain-
specific simulation models, which constitute important organ-
isational knowledge assets in a company [12]. Typically, simu-
lation models encode the mechanistic dynamics of physical and
chemical processes and provide quantitative predictions that
cannot be sufficiently captured by text corpora alone.

Integrating simulation models with language models pro-
vides a principled approach to grounding LLMs in domain-
specific knowledge. However, three challenges remain. First,
the value proposition of industrial LLM applications in en-
gineering remains insufficiently explored and systematically
characterized [13], as such systems must satisfy requirements
that differ fundamentally from those of general-purpose chat-
bots [2, 3]. Second, the methodological integration of exter-
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In a direct-compression tablet formulation,
consider a powder blend composed of the
following components:
30% w/w Paracetamol Micronised,
67% w/w Lactose FastFlo 316,
3% w/w CCS AcDisol,
Estimate the mixture -level Flow Function
Coefficient (FFC).
Assess whether the formulation is expected
to exhibit adequate powder flow for reliable
die filling during tablet compression at 200
MPa.
Estimate the tensile strength of the resulting
tablets.

F6): (Ys) = MaterialQuery(Xe)
F5): (Ys) = Compressibility(Xs)
Fg): (Y3) = FFCPrediction(Xg)
F(9): (Yg) = TabletPress(Xy)

B9

Computation results

Tablet properties

- Porosity: eps = 0.166

- Die-fill height = 13.36 mm

- Tensile strength: T = 1.24 MPa

Blend properties
- FFC_mix = 5.87
- p_bulk = 374.38 kg-m~*

Manufacturability by system
- FFC = 5.87 < 6.0 (threshold)
- Die-fill feasible v/

Optimisation

Decision variables
- Compaction pressure:

Objective variable
- Desired porosity:

Optimised results
- Optimised porosity

O

eps € [0.17,0.20] P € [150,400] eps = 0.186
- Desired tensile strength: - Component fraction: - Optimised tensile strength
T € [1517] € [0.1,0.5] T=16

X +x;+x3=1 when P; = 225 MPa; xj = 0.30

Figure 1:

nal engineering knowledge into LLM reasoning remains a non-
trivial challenge [3l [14]], because simulation models and lan-
guage models differ fundamentally in their representations, in-
terfaces, and reasoning mechanisms. Directly exposing simu-
lation functions through existing tool-use mechanisms can lead
to context overload and incorrect function invocations [[15], par-
ticularly when tasks are complex. Third, industrial deployment
requires verifiable evaluation of performance and practical re-
liability; quantitative benchmark tests are therefore needed to
demonstrate whether such systems are usable in realistic engi-
neering use cases.

To address these challenges, this work makes the following
contributions:

* We define the industrial application use case of employing
LLM agents and simulation models for engineering prob-
lem solving and process optimisation, abstract the under-
lying problem, and formalise its key constructs.

* We design a simulation-integrated LL.M-agent framework
that realises this application by orchestrating simulation
functions into executable computation processes and per-
forming parameter optimisation when required.

* We design a benchmark to evaluate the system perfor-
mance in computation-process orchestration and demon-
strate the optimisation capability of the implemented sys-
tem.

The proposed methodology addresses the identified gaps in
the state of the art, as summarised in Section[7] and is contex-
tualised within pharmaceutical manufacturing. Fig. [T] presents
a representative use case, illustrating how a user-defined task is
processed through simulation-based computation and parame-
ter optimisation.

2. Application Scenario

Within a pharmaceutical manufacturing company, a large
body of process knowledge is embodied in simulation models
developed over time. These models include mechanistic models
that capture physical and chemical dynamics, as well as semi-
empirical and statistical models calibrated from experimental
data. These models are implemented as executable modules in

Illustration of the use case and representative outputs: a user-defined task is transformed into simulation-based computation and subsequent optimisation.

domain-specific codebases, with each module capturing a par-
ticular process mechanism, estimating a material property, or
predicting a quality-related outcome.

Despite their value, these models are difficult for individual
engineers to comprehend and utilise effectively. Understanding
which model applies to a specific scenario, how to provide the
required inputs, how to interpret outputs, and how to compose
multiple models to answer a specific engineering question im-
poses significant cognitive load. As a result, the knowledge em-
bedded in these simulation models remains underutilised, creat-
ing a gap between available process knowledge and on-demand
decision support.

The following use case is considered: a user poses a process-
related query. A software system with access to simulation
models translates the query into a structured computational task
and constructs an executable computation process to produce
quantitative answers. The system may further receive user-
desired target ranges for selected computed variables, trigger-
ing an optimisation procedure when the variables fail to satisfy
these desired ranges.

3. Theoretical Abstraction of the Problem

This industrial application scenario can be formalised as a
computation-and-optimisation problem, as illustrated in Fig. 2]

A task consists of (i) input variables whose values are known
or provided and (ii) target variables to be computed. The sys-
tem is equipped with a library of callable simulation functions,
each with defined input and output properties. Using LLM-
based reasoning and software-based logic, the system selects
and orchestrates relevant functions into a computation process
that produces the required target variables.

In addition, the system can receive quality specifications that
define acceptable ranges for variables. When a computed target
variable lies outside its acceptable range, the system initiates
an optimisation process by identifying adjustable decision vari-
ables, inferring a feasible decision space, and searching for a
parameter configuration that improves the objective value. The
optimised parameter suggestion is then returned to the user as a
recommended adjustment.

3.1. Variable Semantics Representation

A key requirement for enabling LLMs to correctly interpret
quantities and function interfaces is that variables are repre-
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Figure 2: Abstraction of the Application Problem. From left to right: (i) input and target variables are inferred from the user query; (ii) relevant simulation
functions are retrieved from the repository; (iii) the agent system orchestrates these functions into an executable computation process that produces the target
variables; (iv) if any target value violates its acceptable range, it is treated as an objective variable, and the system adjusts decision variables via repeated computation

process evaluations to restore in-range values.

sented in a semantically clear and identifiable manner.

We formalise the semantic representation method as follows:
every computable variable is defined by an entity and a prop-
erty. The entity refers to the physical or conceptual object
involved in the task, and the property denotes a characteristic
of that entity. A variable is semantically identifiable as a pair
(e, p), and its value status is represented by a datum d:

d = val(e,p) = val(v), )

Thus, a variable v is representable by the triplet (e, p, d), ex-
pressing that “property p of entity e takes value d,” or equiva-
lently, “the value of variable v is d.” For example:

e the bulk density of a particular powder mixture is
350kg/m?3,

* the configured compaction pressure of a pressing machine
is 200 MPa,

* the warning status of a compaction process is normal.

This semantic formalisation enables variables to be struc-
tured, stored, and manipulated within a data model, ensuring
their semantics remain interpretable to code programs, LLMs
and users.

3.2. Standardised Simulation Functions

Simulation functions in the system are formalised in two
complementary aspects: their internal computational logic and
their external function interface.

» Each function encapsulates reusable computational logic
that solves a class of engineering problems and can be ap-
plied across different entity instances.

 The interface of each function f is standardised according
to the variable representation. Specifically, the input inter-
face V' and output interface V;%“t specify the variables

consumed and produced by f, respectively. The seman-
tics of each variable v € V are identified by its associated

entity type and property pair (egype, D)-

A standardised simulation function is therefore viewed as a
transformation from the input-value space DIVi'lto the output-
out
value space DIVl

f:DIVFl 5 pIVE, )

The system maintains a repository of standardised simulation
functions in the form of a set, as illustrated in Fig. Q

F={f

£, DIVEl D‘V?"!‘} . 3)

3.3. Computation Process Orchestration

Given ataskt = (Vinput, Viarget), the problem is to select and
orchestrate simulation functions into a computation process that
produces the required target variables. This requires identifying
relevant functions and resolving their input—output dependen-
cies. Whenever an input required by a function is not directly
available, the missing value must be resolved. This may require
ad-hoc variable transformations between connected functions,
as illustrated in Fig. 2]

The selected functions and variables form a directed depen-
dency graph whose edges represent the flow of variables across
functions. The graph can be topologically converted into a par-
tially ordered sequence f* = (f1, fo,..., fm). Executing such
a sequence yields the values of the target variables.

3.4. Optimisation of Objective Variables over the Orchestrated
Process

If a computed variable violates its desired range after execu-
tion of the orchestrated computation process, an optimisation
problem can be formulated. Formally, a range violation occurs
when

Jv e Vprescribed st dy ¢ [Lv> Uv]»



in which case v becomes an objective variable to be optimised,
i.e., v € Vobj - Vprescribed~

To correct such violations, a set of adjustable decision
variables V4. needs to be defined. Each decision variable
v € Ve is assigned an admissible adjustment interval
[Ldec Udec]| and the bounded decision space is defined as the
Cartesian product of these intervals:

Xaee = [ (L5, U €
VEV gee

For any candidate decision vector X4e. € Xgec, the orches-
trated computation process f* is re-evaluated to obtain the up-
dated values of the objective variables. The deviation of each
objective variable from its acceptable range is quantified by a
loss function £, (X4ec), and the overall optimisation objective
aggregates the individual losses:

(I)(Xdec) = Z Wy év(xdec)y (5)

VEV gp;

where w, denotes importance weights determined by the engi-
neering context. The resulting optimisation problem is there-
fore defined as:

*

X" =arg min
XdecE€EXdec

(I)(Xdec)a (6)

If an acceptable configuration exists, i.e., all objective vari-
ables lie within their prescribed acceptable ranges, the cor-
responding decision-variable values constitute recommended
process parameter adjustments; otherwise, the configuration
with the lowest objective loss found within the evaluation bud-

get is returned as the optimisation result.

4. Solution Methodology

This section presents the methodology for operationalising
the formalised problem into a software solution. The proposed
system follows a three-phase procedure, as illustrated in Fig. 3]

1. Task Structuring: transforming a user input into a struc-
tured task representation.

2. Simulation Computation Process Orchestration: con-
structing and executing a simulation-function computation
process that yields the required target variables.

3. Parameter Optimisation: adjusting decision variables to
optimise objective variables into desired ranges.

4.1. Task Structuring
An LLM agent analyses the free-text input and transforms

it into a structured textual model consisting of the following
fields:

* Articulated input: a reformulated and clarified version of
the user input.

» Task objective: a specification of the overall purpose of
the system operation, together with the target variables to
be computed.

(TJArticulated input

B Zask objective computation process
T|Task requirements P P

N
Computation @E} Parameter
Orchestration Optimisation

o0 Task
" Structuring fco)
£ t

J
Function meta-data ) ) ) 3}3}
EConcise specification | Simulation function Param.eter range
EREDS requirements

L {=petailed specification repository

Consolidated
[T Text input

Figure 3: Methodology overview.

* Task requirements: a set of inferred requirements that
guide the fulfilment of the task objective.

4.2. Simulation Computation Process Orchestration

Based on the structured task, the system constructs a compu-
tation process that produces the target variables by orchestrating
simulation functions. The system operates as follows:

4.2.1. Function Specification

All simulation functions are maintained in a function reposi-
tory, each with textual specifications accessible to LLM agents
to read. To balance reasoning precision and prompt context ef-
ficiency, each function specification is provided in two levels of
verbosity:

* Concise specification: a short description summarising
the purpose and interface of the function.

* Detailed specification: a comprehensive description in-
cluding extra variable semantics, modelling mechanisms,
and usage examples.

As shown in Fig. @ concise specifications enable efficient
filtering of relevant functions from a large repository, while de-
tailed specifications support more precise reasoning during or-
chestration.

<function_specification id="Fn_002" name="CompressibilityHeckel">

(T] Function specification
(concise version)

-(T]ID & Name

I—(@short description

—{T]Input variables

[Tloutput variables

Function ID: Fn_002

Function Name: CompressibilityHeckel

Computes powder-bed porosity under uniaxial compaction using a minimal Heckel-type exponentia

Function Input and Output Spe:

‘The following input and output field

@ Function specification Function Input

(verbose version)
—(TJID & Name
—[TIShort description
—[@Working mechanism
—({@Input variables
—(tloutput variables
@)Input example JSON
L(@)output example ISON

pressure: flo Appli
with the Heckel siope para

Function Output

Figure 4: Structure of the two-level function specifications (left), along with
an example of the concise version of the function specification (right).

4.2.2. Retrieval of Task-relevant Functions

Given the structured task model and the concise function
specifications, a retrieval agent identifies task-relevant simu-
lation functions, narrowing the function library to a candidate
subset for subsequent computation process planning, as shown

in Fig.[5]
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4.2.3. Abstract Plan Construction

Using the candidate functions and their detailed specifica-
tions, a planning agent constructs an abstract computation plan
represented as an ordered sequence of simulation functions
f* = {f1, f2y..., fm) that collectively produce the required
target variables.

At this stage, the plan specifies only the function se-
quence and logical ordering, without concrete input values or
execution-level details. It therefore serves as a blueprint for the
subsequent execution phase.

Since the candidate function set is much smaller than the
original library, detailed specifications can be incorporated into
the LLM prompt context to support more precise reasoning
about function dependencies and variable associations.

4.2.4. Interactive Plan Execution

The abstract plan is executed through an interaction between
an operator agent powered by an LLM and a deterministic ex-
ecutor that executes simulation-function code.

The operator agent incrementally concretises the ordered ab-
stract plan. For each step in the plan, it generates a function call
specifying the input values required to invoke the corresponding
simulation function. These inputs follow the entity—property
representation introduced in Section [3.1] and are expressed in
JSON format.

The executor receives the function-call payload, invokes the
corresponding simulation function, and returns the resulting
outputs. The operator then continues the reasoning process us-
ing the execution results as additional context. Through this
iterative interaction, the operator and executor sequentially ex-
ecute the planned functions. Intermediate variable values are
passed from one function to the next, thereby linking the input
and output variables across the computation process.

This mechanism, in effect, operationalises the computation
process formalised in the problem definition in Section [2] as
illustrated in Fig.[2}

4.2.5. Summarisation and Computation Process Consolidation

The reasoning and execution process generates textual
records of simulation function calls, intermediate reasoning
traces, and final results. A summarisation agent consolidates
these into two outputs:

* a user-facing summary that explains how the task was
solved and highlights the key results.

* an executable Python script that captures the logical com-
putation process derived from the reasoning and execution
processes.

The Python script provides a deterministic and reproducible
implementation of the computation process and also serves
as the evaluation function for the optimisation procedure de-
scribed in the following section.

4.3. Parameter Optimisation

In many task scenarios, the variables computed by simula-
tion functions must lie within predefined acceptable ranges re-
flecting the engineering requirements. When a computed vari-
able falls outside its acceptable range, optimisation is required
to adjust controllable parameters, i.e., decision variables of the
computation process, to improve the objective outcomes.

The system performs parameter optimisation over the com-
putation process in three steps: formulating an optimisation
task, constructing the decision space of controllable parame-
ters, and performing numerical optimisation within this space,
as illustrated in Fig.[6]

Optimisation Module
Inputs required for formulating an optimisation task

execution range req. Optimisation
result check objectives
|
' i I —
.= DoE Decision - Optimisation
[ Agent]_' space —P‘@Optlmlseri—b result

computation
process (code)

Figure 6: System module for the parameter optimisation procedure.

This module is implemented through the following mathe-
matical formulation:

4.3.1. Forming the Optimisation Task

Let f* denote the consolidated computation process gener-
ated as an executable code script during the previous orchestra-
tion. The objective variables produced by this function can be
represented as a vector yop; = ('Uobj,la Vobj 25 + -+ 5 Uobj,;c):

Yob; = f*(xdew Xco’nst) (7)

where x4.. denotes the vector of adjustable decision variables
and X..ns¢ the vector of fixed input variables.

To measure how far each objective variable vp; deviates
from its acceptable range [L.,, , Uy, |, we define a normalised
distance from the centre of the range interval:

L
_ ’ f;obj (Xdec, XCOnst) _ vob7f

diStq)obj (Xdec) = U, o _I, o . (8)
2

i TUvob; ’

Based on this deviation distance, an objective loss func-
tion is defined that treats in-interval deviations mildly (when
dist,,,; (Xgec) < 1) and applies a linearly increasing penalty to
out-of-interval violations for an objective variable v,p;:



disty,,, (Xgee)?, disty,,, (Xgec) < 1,
é”obj (Xdee) =
2disty,,; (Xdgee) — 1, disty,,, (Xgec) > 1,
)

The overall optimisation loss aggregates losses across a set
of objective variables V,; with equal weights by default (i.e.,

Wy,,; = 1in Eq.[):

Xdec = Z gvobj Xdec) (10)

Vobj € Vobj

Accordingly, the optimisation problem in Eq. [§|becomes

Z E'Uobj (Xdec)- (11)

Vobsj € Vobj

X, = arg min
dec Xdec€EXdec

In addition to minimising ®(Xg..), an acceptance indicator
is computed as

isAccepted(Xge.) = /\ (f:f (Xdecs Xconst) €
VE Vo

(Lo, Us])

(12)
which indicates whether all acceptable intervals are satisfied si-
multaneously.

4.3.2. DoE Agent Reasoning on Decision Space

Within the optimisation procedure defined above, a key chal-
lenge in engineering use cases is the complex relationship be-
tween adjustable variables and objective variables. Determin-
ing which variables should be adjusted, and over what feasi-
ble ranges, is therefore context-specific and requires signifi-
cant cognitive reasoning. Consequently, selecting a set of de-
cision variables V4o C V and specifying a decision space
Xdec € Xdec (in Eq.[7) becomes a nontrivial task.

To automate this step, the system employs a Design-of-
Experiment (DoE) agent powered by an LLM. Using the
variable semantics and prior reasoning results from the or-
chestration stage, the DoE agent reasons about how adjust-
ments to computation process inputs may affect the objec-
tive variables. It then proposes a set of decision variables

Viec C V together with hypothetical adjustment ranges
[Ly,.., Up,..]. These intervals span a Cartesian decision space
Xiee = Huevdec[Lvdec’ Us,.. ] (cf. Eq. ), which represents

the DoE agent’s hypothesis about which regions of the param-
eter space are likely to yield improved optimisation outcomes.

4.3.3. Numerical Optimisation in the Decision Space
Once the decision space Xy, is generated, the numerical
optimiser treats the consolidated computation process f* as a

black-box evaluation function. For any candidate decision vec-
(t)

tor X ;. € Xgec at evaluation step ¢, the resulting objective vari-
ables y(t) = f* (Xfitgc, Xconst) and the overall objective loss

1) are evaluated using Eq. Iand Eq. The evaluation result
R is recorded as a set of tuples consisting of evaluated decision
variables, resulting objective variables, and corresponding loss:

R={(x0vi20)} (13

The system identifies the candidate(s) x;,. with the mini-
mum loss ®* from records R, and checks optimisation success
using the acceptance criterion isAccepted(x(,.) in Eq.

5. Testing Results and Benchmark

The proposed methodology is realised as a software proto-
type. Its effectiveness is evaluated based on the two types of re-
sults it produces: orchestrated computation results and opti-
misation result This section presents the benchmark design
and the evaluation results on representative engineering tasks.

5.1. System Outputs and Evaluation Setup

The implemented software incorporates 16 domain-specific
simulation functions covering typical engineering tasks in phar-
maceutical manufacturing. To evaluate computation orches-
tration, 20 benchmark test cases are constructed to examine
whether the system correctly produces the quantitative out-
put while case studies are conducted to assess the effective-
ness of the optimisation process, as illustrated in Fig.

Test case — Part 1 Test run Test run

v
Expected comp. Computatlon decision
results r‘esults space

Test case — Part 2

Required variable
range

Optimisation

| Expected comp. } >|Computatlon |0ptimisation |2| Improvement |
process process result o observation

Figure 7: Structure of the two types of test cases. For orchestration evaluation,
each test case specifies a user input, and the resulting outputs are compared with
the expected outputs. For optimisation evaluation, the optimisation process is
examined in terms of range satisfaction and loss reduction.

5.2. Testing Part 1 — Test of Computation Process Orchestra-
tion

The 20 benchmark tasks span two specialised engineering

domains, and each requires the orchestration of one or more

simulation functions to compute quantitative process outcomes:

* Powder Blending & Compaction (#1 — #10): tasks in-
volving the computation of powder-mixture properties and
the prediction of pharmaceutical tablet properties.

* Solubility & Crystallisation (#11 — #20): tasks involving
thermodynamic solubility calculation and dynamic crys-
tallisation simulation.

Table [I] summarises the benchmark tasks together with the
structural complexity metrics used to characterise task diffi-
culty.

'The operation of the software prototype is demonstrated in Supplemen-
tary Materials: Video Abstract, which illustrates the computation orchestration
functions and the optimisation functions.

2The complete benchmark test cases and corresponding evaluation results
are provided in Supplementary Material: Benchmark Test Results.



Table 1: Overview of Benchmark Test Cases and Their Complexity

# Task [Viar| |F| |Dmax| B I
1 Direct Compression Tablet Formulation 3 5 4 - -
2 Bulk Density Computation 1 1 1 - -
3 Tablet Porosity and Strength 2 4 4 - -
4 Filler Family Performance Comparison 4 4 4 v
5 Particle Size Distribution Flow 2 2 2 - -
6 Minimum Compression Pressure 2 4 4 -V
7 Particle Size Distribution and Flowability 1 1 1 - -
8 Compression Pressure Sensitivity 3 4 4 Vo=
9 Mixture Component Comparison 4 4 4 v o o-
10 Filler Material Replacement Evaluation 3 6 6 - -
11 Equilibrium Solubility Prediction 1 2 2 - -
12 Temperature Effect on Solubility 1 2 2 - -
13 Seed Loading Impact on Crystallisation 6 3 3 e
14 Supersaturation Window Determination 2 2 2 v -
15 Crystallisation Temperature Requirement 2 2 2 -V
16 Crystal Flowability Evaluation 1 4 4 - -
17 Crystallisation Yield Estimation 1 2 2 - -
18 Batch Crystallisation Result Prediction 5 3 3 - -
19 Dissolution Temperature Determination 1 2 2 -V
20 Crystallisation Cooling Rate Comparison 3 3 3 v -

[Viar] ~ number of target variables to be computed

|F| number of required simulation functions to solve the task

| Dmax| maximum number of chained dependent functions

B presence of branching within the reasoning process

I presence of iteration within the reasoning process

Task complexity is characterised along three dimensions:
output and function complexity (|V;, ), dependency com-
plexity (|Dmax|), and control-flow complexity (B, I). Larger
|Viar| and |F| generally increase the breadth of required out-
puts and the difficulty of function selection and composition,
while larger |Dp.x| increases the risk of error propagation
along longer dependent function chains. B and I capture ad-
ditional reasoning complexity arising from branching and re-
peated function invocation, respectively. These metrics are il-
lustrated schematically in Fig.[8]
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Figure 8: Illustration of structural complexity metrics in benchmark tasks. Top:
examples of computation processes illustrating dependency depth (| Dmax|),
branching (B), and iteration (I). Bottom: corresponding linearised execution
sequences under operator—executor interaction.

Additional factors of task complexity. Beyond the
structural metrics above, task difficulty is also affected by
implementation-level factors such as unit conversion, seman-
tic translation and disambiguation, default-value assignment

and missing-input inference. Although not treated as pri-
mary benchmark complexity dimensions, they remain practical
sources of possible failure in end-to-end task solving.

5.3. Testing Part 1 — Benchmark Result

The benchmark evaluation was conducted using 6 different
LLMs as the reasoning engine to power the designed agent sys-
tem. For each model, all 20 benchmark tasks were executed in
5 repeated runs, resulting in 100 executable runs per model and
600 runs in total. Each run was evaluated using three criteria:

* Executability: whether the reasoning and execution pro-
cess completes without runtime or function-execution er-
Ior1S.

e Computation-process completeness: whether the sys-
tem constructs a complete computation process and all re-
quired target variables are produced.

* Result correctness: whether the produced target values
match the expected values (reference answers). A numeri-
cal value is considered correct if its relative error is below
1%, allowing for minor rounding differences. For tasks
with multiple target variables, correctness is measured as
the fraction of the correctly computed variables:

| ‘/tar matched ‘

P(Correct | Executable) =
[ Viar |

(14)
Thus, correctness is evaluated conditional on successful exe-
cution and quantified as the fraction of target variables match-
ing the reference values.
The aggregated benchmark results are summarised in Ta-

ble 2]

Table 2: Overall Benchmark Performance

Model Errors(Executable) Complete Correct
Deepseek-V3.2- 2 in 102 (98%) 93% 81.1%
685B-FP4

GLM-5-435B- 5in 105 (95%) 95% 91.5%
FP4

MiniMax-M2.5- 1in 101 (99%) 97% 89.1%
230B-FP4

Kimi-K2.5-1T- 1in 101 (99%) 97% 85.0%
A32B-INT4

Qwen3.5-397B- 0in 100 (100%) 97 % 91.3%
Al7B

gpt-oss-120B-FP4 4 in 104 (96%) 98% 75.0%

Overall, all six models achieve relatively high executability
across diverse engineering tasks. Successful task solving fol-
lows a funnel-like sequence: a run must be executable, produce
a complete computation process with all required outputs, and
finally yield correct values.



5.4. Testing Part 1 — Benchmark Result Analysis

This subsection analyses benchmark performance in more
detail and further examines the main failure modes underlying
the errors.

Executability and completeness errors are explicit. Exe-
cutability failures are mainly caused by nonconforming JSON
payloads that lead to parsing or function-execution errors. By
contrast, completeness failures occur when the system com-
pletes but is not able to return all outputs requested in the user
input, for example due to ambiguous concept interpretation, an
unproductive reasoning path, or accumulated inconsistencies.
Both failure types are clearly detectable and are therefore often
recoverable by rerunning the agent system.

Correctness errors are more difficult to detect, because
the system may produce plausible but incorrect outputs. For
this reason, the more critical metric for evaluating task-
solving quality is the conditional correctness P(Correct |
Executable), which is determined in the benchmark by com-
parison with externally provided reference values specified in
the test cases.

Deepseek-V3.2-685B  GLM-5-435B  MiniMax-M2.5-230B Kimi-K2.5-1T-A328 Qwen3.5-397B-A17B  gpt-0ss-1208
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Figure 9: Correctness rate across 20 benchmark tasks and 5 repeated runs for
6 evaluated open-source LLMs. Each cell reports P(Correct | Executable)
for a specific task—run

Fig. [0 visualises overall system performance in producing
correct quantitative results across benchmark tasksﬂ The re-
sults indicate that tasks of varying complexity (cf. Table[T)) are
generally well handled by the system. The observed failures are
attributable to multiple factors and are mainly captured by the
failure modes summarised in Table 3l

Implications for Practical Application. Overall, the bench-
mark results indicate satisfactory system-level performance for
computation-process orchestration across diverse engineering
tasks. Failures are relatively infrequent, and the consistently
high conditional correctness across open-source models sug-
gests that simulation-integrated orchestration can produce ac-
curate, numerically grounded outputs across heterogeneous en-
gineering tasks. Across all evaluated models, conditional cor-
rectness exceeds 75%, supporting the suitability of the system
as an engineering assistant.

3The complete benchmark test cases and corresponding evaluation results
are provided in the Supplementary Material: Benchmark Test Results.

Table 3: Failure modes in computation process orchestration

Failure mode Description
Incorrect  default  Missing inputs force the system to infer default val-
values ues that may not reflect the intended engineering

conditions.

Function call fail- Malformed payloads generated by the agent may
ure prevent simulation functions from executing.

Some tasks have multiple reasonable solutions,
while the benchmark reference represents only one.

Ambiguous  task
reference answers

Simplified simulation models omit relevant physical
mechanisms, leading to prediction deviations.

Simulation model
inaccuracies

Semantic similarity between functions may intro-
duce ambiguity in reasoning and lead to errors.

Semantic similarity
confusion

Incomplete function specifications may lead to in-
correct interpretation of function applicability.

Imperfect function
descriptions

5.5. Testing Part 2 — Test of Parameter Optimisation

This subsection evaluates system performance on optimisa-
tion tasks and discusses the practical applicability of the method
based on the observed outcomes. The evaluation focuses on two
aspects:

* Optimisation effectiveness: assessed by loss reduction
and satisfaction of prescribed variable ranges during re-
peated evaluations of the consolidated computation pro-
cess, visualised with loss curves.

* Runtime performance: assessed by the wall-clock time
of an optimisation run and its decomposition into LLM
inference time and numerical optimisation time.

To quantify runtime performance, the wall-clock time TRrun
of an optimisation task run is decomposed into the LLM in-
ference time required by the DoE agent to formulate the de-
cision space T1r,M,pDoE, and the numerical optimisation time

TOptimiser:

TRun = TLLM,DOE + TOptimiser (]5)

For generality, the black-box optimiser used in this study is
based on random grid sampling. Its runtime is dominated by
repeated simulation evaluations Ngya1,sim, While the optimiser
overhead is represented by a negligible term €:

TOptimiser = NEval,Sim : TEval,Sim +e€. (16)

We then consider two representative scenarios that differ in
simulation runtime cost and domain.

5.5.1. Fast simulation scenario: powder mixing and drug for-
mulation process

In this scenario, the computation process is obtained from

orchestration task #1 in Table[T] which predicts the outcome of

a tableting process after mixing different powder ingredients.

In this scenario, the simulations are represented by analytical

equations in polynomial form with fitted parameters, allowing



each candidate to be evaluated within milliseconds. The opti-
miser can therefore explore a large number (10°) of candidates
within a practical runtime budget.

The optimisation objective is to identify material composi-
tion configurations such that the resulting tablet satisfies the
following customised, product-specific quality requirements:

* tensile strength Typ, € [1.5,1.7];
* porosity € € [0.17,0.20].

Figure |10 shows the optimisation processes for 10 indepen-
dent runs. Across runs, the DoE agent constructs different de-
cision spaces as a result of variability in LLM reasoning, while
the subsequent numerical optimiser explores these spaces to re-
duce the objective loss and identify improved parameter set-
tings.

Optimisation with objective ranges:

T_MPa € [1.5, 1.7], eps € [0.17, 0.20]
Run 1 Run 2 Run 3
Run 4 Run 5 Run 6
Run 7 Run 8 —— Run9
Run 10

Objective Variables:
T_MPa = 4.25

eps = 0.158
Decision Variables:
Comp — 1: 30%
Comp - 2: 64%

Comp - 3: 6%

PT = 300 Objective Variables:
MPa = 1.24

Comp - 1: 35%
_ 9
Objective Variables: P Ui
T_MPa = 1.67 PT o075
ps = 0.166
Decision Variables:
Comp - 1: 50%
Comp - 5: 44%
Comp - 6: 6%
PT = 400

T_MPa = 1.6
eps = 0.186

Decision Variables:
Comp — 1: 10%
Comp - 7: 82%
Comp - 3: 8%
PT = 150

Objective Variables:
T_MPa = 1.6
eps = 0,186

Decision Variables:
Comp - 1: 30%
Comp - 8: 63%
Comp -9: 7%

PT =225

Objective Variables:
T_MPa = 1.6

= 0.18.
Decision Variables:
Comp - 1: 45%
Comp - 5: 45%
Comp - 10: 10%
PT =300

Best Achieved Objective Loss
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Figure 10: Optimisation performance across runs in the fast-simulation
formulation scenario. The figure plots the best achieved objective loss against
the number of evaluations for 10 optimisation runs. The two objective vari-
ables are required to satisfy Tip, € [1.5,1.7] and ¢ € [0.17,0.20]. In each
colour-coded run, the DoE agent may generate a different decision space by
selecting adjustable variables and their admissible ranges through its reasoning
process. The optimiser then searches within this decision space and records the
best achieved candidate. Annotated callouts show representative best achieved
candidates discovered during the optimisation process of Run 9, including the
resulting objective-variable values and the associated decision-variable config-
urations.

Across the ten runs, the DoE agent required on average
Trim,poE = 32.05 (05tq = 4.3, range : 27.0-41.55) to for-
mulate the decision space, while the optimiser required about
Toptimiser = 24.95 (05¢q = 2.7, range : 20.5-29.2s) to per-
form the evaluation. The overall optimisation process therefore
completes in Tryn = 56.9s on average, indicating practical
applicability as a software tool.

5.5.2. Slow simulation scenario: kinetic crystallisation model
The second scenario considers a batch crystallisation process
simulated by numerical integration of coupled differential equa-
tions describing nucleation and crystal growth. The computa-
tion process is produced from orchestration task #18 in Table[I]
In contrast to the first scenario, each evaluation in this scenario
requires executing a computationally expensive simulation and
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takes approximately 4s. Under this condition, only a limited
number of evaluations can be performed.

Figure [TT] shows the optimisation processes for 10 indepen-
dent runs. The optimisation objective is to adjust the parame-
terised cooling profile so as to:

* maximise the yield, subject to a required yield > 94%;

* regulate moderate supersaturation during the crystallisa-
tion process, quantified by the time-averaged squared
deviation of supersaturation S(¢) from the reference
value 1.2, calculated with %fOT(S(t) — 1.2)2dt. This
supersaturation-deviation metric is required to be < 0.016.

Compared with the fast-simulation scenario, the slow-
simulation scenario permits a much smaller repeated evaluation
budget (50) within limited time, leading to more pronounced
variation across runs, as visualised in Figure @ The variation
indicates that, when only a limited number of simulation eval-
uations can be performed, optimisation performance depends
strongly on whether the decision variables and their admissible
ranges have been chosen appropriately.

In particular, Run 10 reaches favourable low-loss configu-
rations earlier than the other runs, as the decision space pro-
posed in that run was better positioned around the optimal so-
lution region and allowed for efficient search. By contrast, the
other runs either improve more slowly or fail to reach simi-
larly favourable solutions within the same evaluation budget.
These results highlight the importance of LLM reasoning qual-
ity in decision-space formulation when simulation evaluations
are computationally expensive.

Across the 10 crystallisation runs, the DoE agent required
on average T1,,M,DoE = 32.55 (0gtqa = 3.3 s, range : 27.9—
38.4s) to formulate the decision space, comparable to the fast-
simulation scenario. By contrast, the numerical search required
Toptimiser = 211.8s (0sta = 23.1s, range : 183.2-249.6s),
leading to an average total runtime of TRy, = 244.3s per run,
which remains practical for interactive software use.

5.5.3. Discussion on the convergence behaviour across the two
scenarios

Together, the two scenarios show that the evaluation cost of
the orchestrated computation process governs the sensitivity of
optimisation performance to decision-space quality. In the fast-
simulation scenario, the large evaluation budget allows the opti-
miser to partly compensate for decision-space variability. In the
slow-simulation scenario, the limited evaluation budget makes
convergence more dependent on whether the DoE agent pro-
poses suitable decision variables and admissible ranges. This
effect is reflected in the slower convergence of the loss curves
in Fig.[I0]and Fig. [IT] Under limited evaluation budgets, how
simulation evaluations are allocated becomes a decisive factor
in optimisation performance [[16}/17]. In the present framework,
this allocation is implicitly shaped by the agent’s decision-space
formulation, which determines the region explored by the nu-
merical optimiser.



Optimisation with objective ranges:

Objective Variables:

Cooling_start = 10
Cooling rate = 6.25
Temperature_end = 15

=
=)

Objective Variables:
yield = 90.24%
supersaturation dev. = 0.01774

Decision Variables:
Temperature_start = 65
Cooling_start =
Cooling_rate = 3.75
Temperature_end = 15

Objective Variables:
yield = 92.55%
supersaturation dev. = 0.01578

Decision Variables:
Temperature_start = 65
Cooling_start = 0
Cooling_rate = 3.75
Temperature_end = 10

Objective Variables:
ield = 94.389
supersaturation dev. = 0.01132
Decision Variables:
Temperature_start = 60
Cooling_start = 2
Cooling_rate = 3.75
Temperature_end = 5

Best Achieved Objective Loss
)

yield = 90.23% yield = 94%; supersaturation deviation < 0.016
supersaturation dev. = 0.01797
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Figure 11:

% simulation result of the best candidate found in run #10

Optimisation performance across runs in the slow-simulation crystallisation scenario. Left: convergence behaviour of ten optimisation runs,

where the best achieved objective loss is plotted against the number of simulation evaluations. Each run corresponds to a different decision space proposed by the
DoE agent. Annotated callouts highlight representative candidate solutions discovered during the optimisation process of the best-performing run, including the
resulting objective-variable values and the associated decision-variable settings. Right: simulated process trajectory corresponding to the best-performing candidate
configuration. The optimised cooling policy (top-left) produces a steadily increasing crystallisation yield (top-right), smooth particle-size evolution characterised by
d10, dso0, and dgo (bottom-left), and a supersaturation trajectory that has the minimum deviation from the target level Starger = 1.2 during the whole batch process

time (bottom-right).

5.5.4. Implications for Practical Application

The results further prove that the framework remains appli-
cable across scenarios with substantially different simulation
costs and domains. In fast-simulation settings, larger evaluation
budgets make optimisation more tolerant of the quality varia-
tion in the LLM-formulated decision space. In slow-simulation
settings, however, performance becomes much more sensitive
to decision-space quality, placing greater demands on the LLM
agent’s reasoning results.

The two case studies demonstrate that the proposed frame-
work can automate simulation-driven optimisation in practical
engineering workflows. In particular, the agent system can au-
tomatically identify adjustable variables and formulate an opti-
misation experiment, thereby reducing the manual effort typi-
cally required to set up optimisation tasks.

6. Threats to Validity

This section discusses critical aspects of internal validity, i.e.,
whether the observed performance can be attributed to the pro-
posed system itself, and of external validity, i.e., whether the
findings generalise beyond the evaluated setting.

6.1. Internal validity.

The reported task-solving and optimisation results depend on
the fidelity of the simulation functions used in the prototype.
The 16 incorporated functions are representative of functions
used in the target engineering domain, but they remain simpli-
fied computational representations rather than complete physi-
cal models. Consequently, system outputs should be interpreted
in light of the assumptions, abstractions, and numerical preci-
sion of the adopted simulation models. Future extensions could
incorporate uncertainty quantification, such as confidence inter-
vals, to better characterise output reliability.
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The system may also overlook unmodelled effects. For ex-
ample, optimisation targeting one objective (e.g., tablet ten-
sile strength) may adversely affect other unmodelled properties
(e.g., dissolution behaviour), limiting the interpretation of the
results as system-level optimality.

6.2. External validity.

The system’s task-solving capability is constrained by the
coverage and types of simulation functions available to the
agent system. Therefore, the reported performance may not di-
rectly generalise to tasks requiring substantially different sim-
ulation models. However, the main methodological contribu-
tions are independent of the specific function set and can be
transferred to other domains if suitable simulation models are
integrated in a modular manner for agent use.

6.3. Reproducibility.

The system reproduces comparable performance results
across a large number of test runs (600) using different mod-
els. The software results presented in this paper are subject to
industrial intellectual property protections; therefore, the simu-
lation functions and certain implementation details used in the
prototype cannot be publicly released. Nevertheless, the aca-
demic contribution of this work remains intact: the problem ab-
straction, methodology, system design, and experiment results
are provided to support independent reimplementation.

7. Related Work

Related work relevant to this paper spans three directions:
LLM applications in scientific and engineering domains, LLM
multi-agent systems with tool and simulation integration, and
LLM-assisted optimisation.



7.1. LLM applications in scientific and engineering domains

Recent studies have demonstrated the potential of LLMs
in scientific and engineering domains, often by incorporat-
ing domain knowledge through retrieval-augmented generation
(RAG) [[18,[19]. In chemistry and materials science, LLMs have
been applied to predictive tasks, retrosynthesis, drug discovery,
and modular task-execution frameworks [20, 211 122} 23| 24].
In engineering, they have been used for CAD generation, pro-
cess model construction, code generation, and industrial deci-
sion support [25} 26} 27} 28}, [29] 30} 31].

However, these approaches mainly leverage LLMs for tex-
tual knowledge interpretation and language-level task execu-
tion, while leaving the mechanistic knowledge embedded in
simulation models underutilised. They generally do not con-
struct quantitative computation processes with well-defined
variable associations and composable function units, and there-
fore provide limited support for verifiable quantitative problem
solving and parameter optimisation.

7.2. LLM multi-agent systems with tool and simulation integra-
tion

Multi-agent architectures have been proposed to extend LLM
capabilities beyond standalone text reasoning. Representative
systems such as Coscientist and ChemCrow demonstrate com-
plex experimental planning and tool use [32} 33]], while related
frameworks support chemical synthesis development, CFD
configuration, autonomous simulation workflows, robotics in-
tegration, and simulation-model generation [34} [35| 36, 37,
38l 1391 40, 41]. More general agent frameworks further im-
prove cooperative tool use, structured planning, and tool de-
scriptions [42} 1431441 43]).

Despite these advances, simulations are typically treated as
external tools within loosely structured workflows. As a re-
sult, existing systems generally do not capture simulation func-
tions as composable computational units with explicit variable-
level dependencies, and therefore lack a principled mechanism
for constructing reusable computation processes for quantita-
tive engineering problem solving.

7.3. LLMs for solving optimisation problems

Related work on LLM-assisted optimisation shows that
LLMs can serve as high-level components in optimisation
pipelines, for example as search operators, heuristic genera-
tors, or problem formulators [46, 47]. Systems such as Op-
tiMUS further demonstrate that LLMs can translate natural-
language descriptions into formal optimisation models and
solver code [48]].

However, these approaches are primarily developed in
generic optimisation settings and are not grounded in concrete
engineering application scenarios.

8. Conclusion and Outlook

This paper presented a simulation-integrated LLM-agent
framework for engineering problem solving and process pa-
rameter optimisation. The framework treats simulation mod-

els as composable computational units and transforms natural-
language engineering queries into executable, reproducible
computation processes, providing a foundation for simulation-
grounded LLM systems for quantitative engineering analysis
and decision making.

Experimental results demonstrate high quantitative correct-
ness across diverse engineering tasks. Optimisation case stud-
ies further show that the system can formulate decision spaces
and obtain satisfactory parameter configurations within practi-
cal runtime constraints. Future work will focus on extending
simulation coverage, improving implementation maturity, and
enhancing system robustness for industrial deployment.
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