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Abstract

Process simulation is a critical cornerstone of chemical engi-
neering design. Current automated chemical design method-
ologies focus mainly on various representations of process
flow diagrams. However, transforming these diagrams into
executable simulation flowsheets remains a time-consuming
and labor-intensive endeavor, requiring extensive manual pa-
rameter configuration within simulation software. In this
work, we propose a novel multi-agent workflow that lever-
ages the semantic understanding capabilities of large lan-
guage models(LLMs) and enables iterative interactions with
chemical process simulation software, achieving end-to-end
automated simulation from textual process specifications to
computationally validated software configurations for de-
sign enhancement. Our approach integrates four specialized
agents responsible for task understanding, topology gener-
ation, parameter configuration, and evaluation analysis, re-
spectively, coupled with Enhanced Monte Carlo Tree Search
to accurately interpret semantics and robustly generate con-
figurations. Evaluated on Simona, a large-scale process de-
scription dataset, our method achieves a 31.1% improvement
in the simulation convergence rate compared to state-of-the-
art baselines and reduces the design time by 89. 0% compared
to the expert manual design. This work demonstrates the po-
tential of AI-assisted chemical process design, which bridges
the gap between conceptual design and practical implementa-
tion. Our workflow is applicable to diverse process-oriented
industries, including pharmaceuticals, petrochemicals, food
processing, and manufacturing, offering a generalizable solu-
tion for automated process design.

Introduction
The design of chemical processes forms the foundation of
numerous industrial sectors, including petrochemicals, phar-
maceuticals, sustainable energy, and material manufactur-
ing. Despite decades of development in process simula-
tion software, translating high-level process requirements
into executable simulation models remains a significant
challenge in chemical engineering workflows(Mann, Gani,
and Venkatasubramanian 2023). Engineers typically spend
weeks transforming conceptual designs into detailed con-
figurations, manually specifying hundreds of interdependent
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parameters. This manual configuration process not only con-
sumes valuable engineering time, but also limits exploration
of innovative design alternatives.

Current approaches to chemical process design automa-
tion have achieved progress in specific aspects, yet they fail
to provide comprehensive solutions. As illustrated in the
middle section of Figure 1, existing methods typically fo-
cus on intermediate representations, either generating pro-
cess flow diagrams or constructing graph-based represen-
tations (Balhorn et al. 2022; d’Anterroches 2006). These
approaches terminate at the structural representation level,
leaving a critical gap between abstract process descriptions
and executable simulations. While flowsheet-based methods
capture the visual topology of processes, and hypergraph
representations encode connectivity relationships, neither
can directly generate simulation-ready configurations ex-
ecutable in industrial software. This limitation forces en-
gineers to manually bridge the gap between these repre-
sentations and functional process models, perpetuating bot-
tlenecks in design workflows. The fundamental challenge
extends beyond simply representing the process structure
to generating complete executable configurations that sat-
isfy complex engineering constraints. Process simulation
requires a precise specification of thermodynamic mod-
els, operating conditions, equipment parameters, and con-
trol strategies, details that cannot be adequately captured
by structural representations alone. Moreover, the interde-
pendencies among these parameters create a complex opti-
mization space where changes in one unit operation cascade
throughout the entire process. Existing methods focus on ei-
ther topology generation or parameter optimization in iso-
lation, failing to address this holistic challenge, resulting in
designs that appear structurally sound but prove infeasible
or suboptimal when implemented in simulation software.

To address these limitations, we propose a novel ap-
proach, as shown in Figure 1, which directly transforms nat-
ural language process descriptions into executable compu-
tational processes for simulation software. Unlike existing
methods that terminate at intermediate representations, we
achieve an end-to-end workflow from textual specifications
to validated simulation configurations. Our work leverages
large language models (LLMs) within a multi-agent work-
flow to interpret process requirements, construct appropriate
topologies, configure detailed parameters, and validate de-
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Figure 1: Representation of different stages of chemical process design workflow. “Diagram” refers to a general process flow
diagram(Douglas 1988), while “Hypergraph” represents a process hypergraph with parameter annotations (Mann et al. 2024).
The entire stage requires a lot of manual operation design, while existing automated methods only focus on various representa-
tions of graphs. Our method achieves cross-dimensional and fully automated implementation

signs through direct integration with professional simulation
software. This approach eliminates the manual transforma-
tion steps required by current methods, enabling rapid itera-
tion and exploration of design alternatives.

The key innovation of our approach lies in bridging the
representation-to-implementation gap through three inte-
grated components. First, we employ a multi-agent system
that decomposes complex design tasks into specialized sub-
tasks: task understanding, topology generation, parameter
configuration, and evaluation analysis. Each agent leverages
LLM capabilities while incorporating domain-specific con-
straints and engineering principles. Second, we introduce
an Enhanced Monte Carlo Tree Search (E-MCTS) algo-
rithm that efficiently explores the design space while main-
taining feasibility constraints throughout the search process.
Third, and most critically, we establish seamless bidirec-
tional communication with industrial simulation software,
enabling real-time validation and iterative refinement of gen-
erated configurations. This integration ensures that our out-
puts are not merely theoretical constructs but practically ex-
ecutable designs validated through rigorous computational
verification. In summary, our contributions are as follows.

• We propose the first end-to-end workflow that directly
generates executable chemical process simulations from
natural language descriptions, bypassing the limitations
of intermediate representations employed by existing
methods.

• We develop a multi-agent architecture that effectively
combines LLMs’ semantic understanding capabilities
with chemical engineering domain knowledge, achieving
accurate interpretation and implementation of complex
process requirements.

• Through extensive experiments, we demonstrate that our
work achieves an 80.3% success rate in generating valid
executable process configurations, reducing design time
by 89.0% compared to manual methods while maintain-
ing industrial grade quality.

• We establish a new paradigm for AI-assisted chemi-
cal engineering that transcends structural representations

to deliver complete, simulatable solutions, opening new
possibilities for accelerating process design innovation.

Related Work
Chemical Process Simulation
The traditional paradigm of chemical process simulation fol-
lows a multistage workflow: beginning with thermodynamic
feasibility analysis, followed by process flow diagram (PFD)
construction within feasible domains, and culminating in
validation through specialized simulation software until con-
vergence(Mann et al. 2022; Venkatasubramanian 2019; Tula
et al. 2017). To accelerate this design cycle, researchers
have explored digitization and symbolic representation ap-
proaches for flowsheets(Weininger 1988; Zhang, Sahinidis,
and Siirola 2019; Tula, Eden, and Gani 2019). Early work
employed traditional machine learning methods for auto-
matic flowsheet completion(Vogel et al. 2023; Theisen et al.
2023), while eSFILES(Mann et al. 2024) integrated domain
knowledge with data-driven approaches to enable flowsheet
analysis and weighting. Recent studies have incorporated
large language models to enhance the intelligence of pro-
cess synthesis(Vogel, Balhorn, and Schweidtmann 2023).
The fundamental limitation of PFD representations lies in
their level of abstraction: while they effectively capture unit
operations and connectivity relationships, they omit criti-
cal configuration parameters essential for simulation conver-
gence. Traditionally, setting parameters is a process that is
not only time-consuming but also highly dependent on ex-
pert knowledge.

Existing automation approaches face three core chal-
lenges when addressing complex chemical processes: (i)
lack of deep integration with specialized process simulation
software, preventing rapid validation of generated design so-
lutions; (ii) absence of simulation-based feedback mecha-
nisms, precluding iterative optimization of configuration pa-
rameters; (iii) difficulty in bridging the semantic gap be-
tween high-level process descriptions and executable simu-
lation configurations. This leaves numerous process designs
at the conceptual level, with validation of large-scale pro-
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cesses proving particularly challenging.

Agentic Workflow
The remarkable perception and reasoning capabilities of
LLM-driven agents in complex environments have spurred
extensive exploration and rapid advancement in multi-agent
workflows(Song et al. 2023; Zhao et al. 2024; Xu et al.
2023; Liu et al. 2023; Ramesh et al. 2021; Yao et al. 2023;
Wang et al. 2022). Current multi-agent workflow research
spans both general-purpose and domain-specific applica-
tions(Pang et al. 2025; Zhuge et al. 2024b; Chen et al. 2025;
Liu et al. 2024b,a), including automated workflow genera-
tion(Wu et al. 2021; Qiao et al. 2024; Li et al. 2024), code
generation(Cen et al. 2025; Qian et al. 2023; Xu et al. 2023)
and the collaboration of multi-agent(Zhang et al. 2024a;
Chen et al. 2023; Li et al. 2023; Zhuge et al. 2024a).
While ChemCrow(Bran et al. 2023) and Coscientist(Boiko
et al. 2023) demonstrate the potential of LLMs in chem-
istry, a substantial gap persists between these approaches
and industrial-grade applications: (i) insufficient consider-
ation of engineering constraints and scale-up effects; (ii) in-
ability to establish effective feedback loops with special-
ized engineering software. This gap motivates our focus
on applying multi-agent workflows to the more challeng-
ing domain of industrial engineering implementation. Our
approach processes textual descriptions to iteratively gen-
erate computationally verifiable chemical process configu-
rations or thermodynamic analysis requests via multi-agent
workflows, presenting significant challenges in configura-
tion evaluation at each iteration.

Method
Overview
We propose a multi-agent collaborative workflow built upon
LangGraph for automating chemical process design from
natural language descriptions. The workflow transforms tex-
tual process specifications into executable simulation con-
figurations through coordinated operation of specialized
agents, employing E-MCTS for systematic exploration of
the design space. Our system accepts natural language inputs
ranging from high-level process requirements (e.g., “de-
sign an ethylene cracking process”) to detailed specifications
encompassing equipment constraints, operating parameters,
and economic or environmental objectives. It generates com-
plete configuration files directly executable in professional
chemical process simulation software, containing fully spec-
ified process topologies, operating conditions, and conver-
gence results. As illustrated in Figure 2, our workflow co-
ordinates four core agents: (1) Task Understanding Agent,
(2) Topology Generation Agent, (3) Parameter Configura-
tion Agent, (4) Evaluation Analysis Agent.

Our work consists of a main workflow accompanied by
a subordinate workflow: the aforementioned main design
workflow and an auxiliary thermodynamic analysis work-
flow executed prior to process design. This preliminary
analysis validates critical component properties and phase
equilibrium behavior, establishing a robust foundation for
the main workflow and preventing fundamental errors in

subsequent iterations. The iterative refinement mechanism
employs Enhanced Monte Carlo Tree Search to guide ex-
ploration, systematically navigating the design space while
maintaining computational efficiency to ensure high-quality
solutions within reasonable timeframes. This closed-loop
optimization emulates human expert iterative refinement
while leveraging computational advantages of automated
exploration.

Task Understanding Agent
The Task Understanding Agent serves as the entry of our
multi-agent workflow, designed to parse ambiguous user de-
scriptions into structured requirements for downstream pro-
cessing. Users typically provide natural language descrip-
tions of their process design ideas, which often lack critical
specifications necessary for chemical process configuration.
For instance, when a user queries “Please help me check
whether two substances form an azeotrope”, they are essen-
tially requesting thermodynamic temperature properties of
a binary system, though this technical requirement remains
implicit in their description.

The fundamental challenge addressed by this agent is the
semantic gap between informal user expressions and the rig-
orous specifications required by process simulation tools. To
bridge this gap, we have developed a comprehensive data
structure that encodes critical attribute information aligned
with our simulation requirements. The extracted informa-
tion is then structured into a standardized format that serves
as the communication protocol between agents. This struc-
tured representation ensures that subsequent agents receive
unambiguous specifications while preserving the flexibility
to handle diverse user queries. Thus, the task understand-
ing agent enables robust downstream processing and reduces
the likelihood of configuration errors in the final simulation
setup.

Topology Generation Agent
The Topology Generation Agent transforms process de-
scription into chemical process topologies, bridging the gap
between abstract user requirements and executable flow-
sheets. This agent achieves automated conversion from func-
tional requirements to structural design by leveraging do-
main knowledge and systematic design principles, and is the
only agent that does not participate in the thermodynamic
analysis configuration workflow. The core design philoso-
phy of this agent is to decouple topology generation from
parameter configuration. Considering that the final output
of the multi-agent workflow is a JSON configuration file
verifiable by process simulation software, and that LLM-
based agents struggle to directly generate configurations that
strictly meet computational requirements, we have designed
a specialized tool function library. This enables the agent to
focus on high-level decisions regarding unit selection and
connectivity relationships, thereby significantly improving
design efficiency. The agent employs a multi-candidate strat-
egy to generate several feasible alternatives, a feature that
manifests in the subsequent E-MCTS. Each topology is rep-
resented as a directed graph G = (V,E), where the node
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Figure 2: The overview of our comprehensive workflow, consisting of four key agents: (i) the Task Understanding Agent, which
parses user inputs to extract key parameters, constraints, and design objectives. (ii) the Topology Generation Agent, which
determines appropriate chemical components and thermodynamic methods, selects suitable unit operations and establishes
their connections. (iii) the Parameter Configuration Agent, which assigns operating conditions to each unit within the generated
topology, such as temperature and pressure. (iv) the Evaluation Analysis Agent, which assesses simulation results to determine
whether to iterate or terminate.

set V corresponds to unit operations and the edge set E rep-
resents material flow connections. Each design is accompa-
nied by a unique process manager reference identifier, en-
abling downstream agents to access and modify the topology
structure to support the iterative optimization process.

The Topology Generation Agent accesses process design
tools through a globally unified WorkflowToolsManager,
implementing the following core functions: (i) Process ini-
tialization, creating independent process manager instances
for each candidate solution to ensure parallel exploration
of the design space; (ii) Adding components and select-
ing property methods; (iii) Unit operation instantiation, in-
corporating various equipment such as reactors, distillation
columns, and heat exchangers; (iv) Stream connections, es-
tablishing material and energy flow relationships between
unit operations; (v) Design persistence, saving completed
topologies to a tree structure for subsequent processing. Dur-
ing subsequent iterations, this agent also supports cascading
deletion of unit nodes and edge removal operations to facil-
itate topology design modifications.

Parameter Configuration Agent
The Parameter Configuration Agent leverages the power-
ful contextual understanding and reasoning capabilities of
LLMs, integrating chemical engineering domain knowledge
to transform topological structures into executable chemi-
cal processes by determining optimal operating parameters
for each unit operation. This agent accomplishes two key
functions: (i) Assigning initial operating conditions guided
by a model template library; (ii) Performing further pa-
rameter adjustments based on simulation feedback. To en-
hance the rationality of parameter configurations, we em-
ploy chain-of-thought(Wei et al. 2022) prompting strate-
gies to guide LLMs through step-by-step reasoning. Addi-

tionally, we have compiled extensive high-quality parame-
ter configuration examples from feasible processes, utilizing
few-shot learning to improve the quality of LLM-generated
parameter configurations.

The agent passes adjusted configurations to dedicated
computational nodes, interfacing with external simulation
tools through asynchronous HTTP protocols, enabling rig-
orous validation via chemical process simulation software
while maintaining a closed-loop optimization mechanism.
This integration is crucial, as LLM-based agents, while ex-
celling at high-level reasoning, struggle to directly generate
parameters that strictly satisfy the complex interdependen-
cies of chemical processes.

Evaluation Analysis Agent
The Evaluation Analysis agent serves as a critical quality as-
surance component in our workflow, fulfilling dual responsi-
bilities: assessing current process configurations and provid-
ing actionable improvement directions for subsequent itera-
tions. Following validation through external simulation soft-
ware via computational nodes, the agent performs quantita-
tive scoring of both the process configuration and simulation
results. When simulations fail to converge, a penalty factor
λ ∈ (0, 1) is applied. The agent employs a comprehensive
multi-dimensional evaluation framework that assesses pro-
cess designs across the following key dimensions:

Economic Feasibility (Ef ) : This dimension evaluates
the economic feasibility and cost-effectiveness of process
configurations, encompassing capital expenditure, operating
costs, and return on investment to ensure the process design
maintains economic competitiveness.

Environmental Sustainability (Es) : This metric assesses
environmental impact and sustainability, covering pollutant
emissions, carbon footprint, and resource recycling to ad-
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vance green chemistry objectives.
Process Safety (Ps) : This criterion ensures inherent pro-

cess safety through evaluation of hazardous material han-
dling, safety system configurations, and accident risk assess-
ment to identify potential hazards.

Technical Feasibility (Tf ) : This dimension validates the
maturity and implementability of process technologies, eval-
uating reaction mechanism rationality, separation technol-
ogy applicability, and operational control complexity.

Topological Rationality (Tr) : This metric evaluates the
completeness and optimization degree of process topology,
including unit operation connectivity logic and material flow
rationality to verify efficient process structure design. The
overall evaluation score for each iteration is computed as a
weighted combination of the individual dimensions.

Si = w1 · Ef + w2 · Es + w3 · Ps + w4 · Tf + w5 · Tr (1)

where Si represents the comprehensive evaluation score for
the i-th iteration, and the weights for the five evaluation di-
mensions are 0.35, 0.25, 0.15, 0.15, and 0.10(Seider et al.
2016), respectively, prioritizing economic and environmen-
tal considerations in industrial applications. In case of sim-
ulation failure, a penalty factor is applied: Sfail

i = λ · Si,
where λ is set to 0.3.

Enhanced MCTS
Inspired by AFlow(Zhang et al. 2024b), our Enhanced
Monte Carlo Tree Search(E-MCTS) approach aims to ad-
dress a critical limitation in iterative search processes, where
configurations that fail to converge are often overlooked de-
spite containing valuable design insights worthy of further
exploration. In E-MCTS structure, each tree node repre-
sents a complete process configuration rather than individual
unit operations, enabling the exploration of diverse complex
chemical process designs.

Initialization E-MCTS begins with three initial nodes
generated by workflow, derived from the user’s input, serv-
ing as the foundation for systematic exploration. The root
node is created as a virtual node, with the three initial config-
urations becoming its child nodes. We initialize the dynamic
candidate pool as an empty set and establish key parameters,
including the dynamic weight α(0) for initial exploration fo-
cus and the exploration coefficient c(0).

Selection with Dual-Layer Value Evaluation We pro-
pose a dual-layer value evaluation system to address the
unique challenge where failed configurations may contain
valuable design insights. Our approach distinguishes be-
tween immediate value (derived directly from simulation
scores) and potential value (considering multi-dimensional
metrics). For failed configurations, we recognize exceptional
performance in specific dimensions as indicators of refine-
ment potential. The combined value integrates both perspec-
tives through dynamic weighting:

V (ni, t) = α(t) · Vimm(ni) + (1− α(t)) · Vpot(ni) (2)

where α(t) transitions from exploration-focused to
exploitation-focused as the search progresses. We further

enhance node selection by incorporating domain-specific
features, augmenting the standard UCB formula:

UCBenh(ni, t) = Vcomb(ni, t) + c(t)

√
ln vp
vi

+Ψ(ni) (3)

where the feature weighting function Ψ(ni) incorporates
recent improvement indicators, variance-based sensitivity
measures, and depth preferences.

Expansion During the expansion phase, each selected
node generates three child configurations. We execute a new
workflow iteration to update configurations, leveraging both
the selected node’s configuration and historical insights from
past iterations. The experience encompasses all modifica-
tions with their corresponding improvements or failures,
along with precise logs of predictions and expected outputs,
maximizing insight extraction from previous attempts.

Dynamic Revisit Mechanism In contrast to traditional
MCTS which abandons low-scoring branches, we maintain
a dynamic candidate pool containing the second and third
highest-scoring nodes that have not been revisited. When
global improvement stagnates, the algorithm selects nodes
for revisitation based on the gap between potential and real-
ized performance:

nrev = argmax
n∈R

(Vpot(n)− Vimm(n)) (4)

This mechanism prevents premature convergence and en-
ables the algorithm to escape local optima by revisiting
promising configurations that initially failed due to subop-
timal parameters.

Terminal Conditions We implement comprehensive ter-
mination criteria tailored to chemical process optimiza-
tion: (1) discovery of configurations exceeding target per-
formance, (2) reaching iteration limits, (3) global improve-
ment stagnation across all active leaves, or (4) high conver-
gence indicated by concentrated visit frequencies and sta-
ble scores. The final solution selection combines solution
quality (70% weight), search confidence as measured by
visit frequency (20% weight), and stability indicators (10%
weight), ensuring robust and reliable process configurations.

This E-MCTS algorithm effectively addresses the chal-
lenges of chemical process optimization by recognizing
value in failed configurations, dynamically balancing explo-
ration and exploitation, and implementing intelligent revisit
strategies to systematically navigate the vast design space.

Experiment
Baselines
We evaluate our approach against four categories of base-
lines: (1) End-to-end methods: We prompt GPT-4o and
Claude Sonnet 4 to directly generate JSON request con-
figurations. (2) Multi-agent workflows: We employ Swarm,
AutoGen, CrewAI, MetaGPT to benchmark our multi-agent
workflow’s effectiveness. (3) Human expert baseline: We
invite three chemical engineering experts to perform man-
ual design and computational validation. (4) Our methods:
We evaluate two variants of our proposed approach—a base
workflow without thermodynamic analysis workflow and an
enhanced version incorporating thermodynamic analysis.
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Methods Main Scores Efficiency

Ef ↑ Es ↑ Ps ↑ Tf ↑ Tr ↑ S ↑ Time(s) ↓ SCR(%)↑
GPT-4o(Achiam et al. 2023) 73.6 77.2 71.4 75.5 69.8 34.36 86.13 23.4
Claude-Sonnet-4(Anthropic 2025) 74.3 73.9 76.1 72.7 71.5 33.16 89.24 21.2

Swarm(OpenAI 2024) 79.9 79.4 80.3 79.7 80.1 49.32 149.21 45.4
AutoGen(Wu et al. 2024) 79.4 78.2 80.1 79.6 78.3 48.27 303.16 44.3
CrewAI(crewAIInc 2023) 79.8 77.5 78.1 79.3 79.8 49.95 389.09 47.6
MetaGPT(Hong et al. 2023) 81.2 79.9 80.5 81.0 80.4 51.98 612.33 49.2

Expert manual 87.2 85.6 84.6 86.4 85.9 86.16 8301.91 100.0
Ours-4o 85.7 84.9 83.8 86.4 84.2 73.01 892.04 79.6
Ours*-4o 85.8 86.0 84.3 86.5 85.5 73.88 913.21 80.3

Table 1: Evaluation of our workflow on Simona dataset. “Ours” represents a pure process configuration generation workflow,
while “Ours*” represents a configuration generation workflow that introduces thermodynamic analysis workflow

Dataset
Our experiments are conducted on a self-constructed dataset
called Simona, consisting of 1000 process descriptions care-
fully designed by chemical engineering experts. The dataset
encompasses process descriptions of varying complexity,
primarily distributed across: (1) Unit operations of differ-
ent difficulty levels (i.e., nodes in a process flowsheet), in-
cluding mixers, distillation columns, among others. (2) Pro-
cess descriptions with varying levels of detail—for relatively
simple cases, we provide comprehensive process descrip-
tions including component specifications, unit model speci-
fications, and partial parameter specifications; for more chal-
lenging cases, we deliberately provide ambiguous process
descriptions with certain critical information withheld.

Implementation Details
Our workflow is built upon LangGraph(langchain ai 2024)
(v0.4.10) with LangChain (v0.3.26) providing the founda-
tion for LLM interactions, as our workflow involves itera-
tive loops that align well with LangGraph’s characteristics.
We employ gpt-4o as the base language model for all agents.
The temperature parameters for the task understanding agent
and evaluation analysis agent are set to 0.1 to ensure rel-
atively stable task comprehension and result evaluation. In
contrast, the temperature parameters for the topology gen-
eration agent and parameter configuration agent are set to
0.9 to promote greater diversity and innovation in the pro-
cess schemes generated across different branches. For chem-
ical process simulation, we integrate with our self-developed
chemical process simulation software through HTTP APIs.

Main Results
Main Scores. Table 1(left) presents the evaluation results
across five dimensions along with the overall score, which
combines scores from both successful and failed simulation
cases. Due to our conservative scoring mechanism in the
evaluation agent, our method does not demonstrate substan-
tial advantages across individual dimensions compared to
baseline approaches. However, our method achieves signif-
icantly higher overall scores than other end-to-end and gen-

eral multi-agent methods, primarily attributed to our simu-
lation convergence rate in process simulation software. No-
tably, expert manual design exhibits clear superiority in eco-
nomic feasibility, as evidenced by the optimized topology
structures and computational results. Our method achieves
comparable performance to expert design across other di-
mensions and ranks second in overall scores. Since scoring
alone cannot fully capture the significance of automated de-
sign workflows, we further analyze efficiency metrics.

Efficiency. Table 1(right) presents efficiency metrics
across different methods. We recruited three chemical engi-
neering PhD students to design processes based on require-
ment descriptions and recorded their average design time.
Regarding Simulation Convergence Rate (SCR)—defined as
the ratio of successfully converged process designs to total
requirements—expert manual design achieves 100% SCR
due to extensive parameter optimization experience. Our
method achieves 80.3% SCR, substantially outperforming
other baseline methods. In terms of time efficiency, GPT-
4o demonstrates remarkable speed, generating process con-
figurations in merely 86.13 seconds on average. However,
its SCR of only 23.4% indicates that it can merely handle
simple processes with detailed parameter specifications, of-
fering limited practical value for automated process design.
While expert manual design achieves exceptional SCR, it
requires considerable time investment—8301.91 seconds on
average—with complex processes often demanding signif-
icantly longer durations. Our method maintains high SCR
while achieving 89.0% reduction in design time compared to
manual approaches, representing a significant advancement
in accelerating chemical process design.

Qualitative Analysis. To intuitively compare output dif-
ferences across methods, we conduct qualitative analysis as
shown in Figure 3. We select representative configuration
outputs from different baselines and visualized the corre-
sponding process flowsheets using chemical process sim-
ulation software. In the flash drum separation process, the
output of GPT-4o exhibits a fundamental flaw: while a flash
drum requires one inlet stream and two outlet streams (liq-
uid and vapor phases), the generated configuration includes
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(a) by GPT-4o (c) by AutoGen(b) Ours (d) Ours

Figure 3: Illustration of the design generated by different
methods, where different colors represent different cases.

only a single outlet stream. This represents a common fail-
ure resulting from the absence of computational valida-
tion checks. For the benzene-toluene separation process, the
flowsheet generated by AutoGen meets basic functional re-
quirements but lacks off-specification product recycle loops.
Our work, accounting for practical economic constraints, in-
corporates reflux streams to ensure product quality specifi-
cations. While the overall process topologies appear similar,
the economic performance differs dramatically, demonstrat-
ing the value of our chemical process design agent workflow.

Ablation Study
Analysis of Key Components. We conducted ablation ex-
periments on two critical components: Task Understanding
Agent(TUA) and E-MCTS, with results presented in Ta-
ble 2. Upon removing the Task Understanding Agent, the
workflow output scores decreased significantly. This indi-
cates that without systematic context extraction and under-
standing of user inputs, relying solely on the process design
and parameter optimization agents to directly process raw
user inputs leads to critical constraint omissions, resulting
in degraded generation quality and substantially reduced it-
eration efficiency. Similarly, disabling E-MCTS resulted in
a significant drop in the convergence rate. Our experiments
revealed that initial topology and parameter configuration
flaws severely impair subsequent iteration efficiency, caus-
ing the process to terminate prematurely when score im-
provements plateau.

Model Ef ↑ Es ↑ Ps ↑ Tf ↑ Tr ↑ Iter↓ SCR↑
Ours*-4o 85.8 86.0 84.3 86.5 85.5 15 80.3
w/o E-MCTS 84.9 85.5 82.9 84.9 84.2 7 74.8
w/o TUA 83.2 83.1 81.0 83.3 82.6 18 78.9

Table 2: Ablation study of the impact of key components on
execution efficiency

Impact of E-MCTS Nodes. We performed ablation ex-
periments on the number of child nodes in E-MCT, eval-
uating settings of 2, 3, 4, and 5 children per expansion.
As shown in Table 3, lower child node counts accelerate
convergence and reduce token consumption in Simona, yet
yield lower SCR due to limited exploration, which con-
strains the generation of high-quality solutions. Conversely,
higher child node counts slow convergence and increase to-
ken consumption, but the expanded search space enhances
the probability of discovering superior configurations, re-
sulting in improved SCR. To balance convergence efficiency,

token costs, and solution quality, we adopted a child node
count of 3 as the optimal trade-off.

E-MCTS Nodes Time(s) ↓ Tokens(K) ↓ SCR(%) ↑
2 736.55 794.2 79.8
3 913.21 994.7 80.3
4 1102.72 1192.1 80.5
5 1197.09 1325.6 80.6

Table 3: The impact of the number of E-MCTS nodes on
time and token efficiency

Analysis of ICL Methods. Table 4 presents ablation stud-
ies on in-context learning (ICL) within our workflow. We
removed the process-construction chain-of-thought (CoT)
prompting from the topology generation agent and few-shot
parameter examples from the parameter configuration agent.
Experimental results demonstrate that these components are
crucial: Their absence compromises both process design ra-
tionality and computational convergence, as initial param-
eter values significantly impact computational efficiency in
complex chemical processes.

Model Ef ↑ Es ↑ Ps ↑ Tf ↑ Tr ↑ SCR(%)↑
Ours*-4o 85.8 86.0 84.3 86.5 85.5 80.3
w/o CoT 84.6 84.1 84.0 85.2 84.9 78.8
w/o Few-Shot 85.3 85.7 83.9 85.8 85.2 77.9

Table 4: Ablation study of ICL methods on execution effi-
ciency

Conclusion
In this paper, we have presented a comprehensive study on
automated chemical process design and validation that ac-
celerates both the design phase and the simulation-based
verification phase, significantly reducing the design time
for chemical engineering practitioners. We have introduced
a novel automated workflow for generating computational
configurations in chemical process simulation software, de-
parting from the traditional paradigm of manual configura-
tion from flowsheets. This establishes a foundational infras-
tructure for accelerating iterative design validation in chem-
ical process engineering. Our work decomposes the process
design validation workflow and leverages E-MCTS to im-
prove design robustness. Experiments on Simona dataset
demonstrate the effectiveness of our approach. Compared
to existing methods, our work not only generates feasible
topological structures but also produces outputs that are
computationally verifiable. Furthermore, our research un-
derscores the potential of automated chemical process de-
sign. While there remains scope for further refinement com-
pared to expert-designed solutions, the significant advan-
tages in time efficiency establish a practical and extensible
methodology for future chemical process design endeavors.
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