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interval refinement of design parameters. Stakeholders directly participate in the analytical
process through a prompt-driven, multi-turn dialogue interface, where L-SCOPE facilitates
seamless human-Al interaction by implementing natural language prompts, generative code
reviews, and interpretable visual feedback. A case study demonstrates that the platform
achieved robust and reliable results, with a tenfold reduction in convergence analysis time
and a 0.49% improvement in energy performance compared to conventional SBO methods
under the same computational budget. The contributions of this study are twofold: (i) a
novel approach that combines LLM capabilities with information-theoretic analysis to
advance interpretable and efficient building design optimization; and (ii) an interactive

language-based interface that facilitates active participation and decision-making by non-
expert stakeholders.
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Highlights
e A novel LLM-assisted platform integrating information-theoretic analysis with SBO.
e Enhances interpretability and stakeholder participation via interactive dialogue interface.

e Achieves 10x faster convergence analysis time with 0.49% energy performance
improvement under same budget.
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1 Introduction

The building and construction sector significantly contributes to global climate change, accounting for
approximately 34% of global energy consumption and 37% of greenhouse gas emissions (UNEP 2024).
The increasing adoption of sustainable design practices in the building sector has demonstrated that
early-stage performance-driven design plays a critical role in shaping long-term energy efficiency and
life-cycle environmental impact, thereby helping to mitigate environmental burdens (Wang et al. 2024;
Zhan et al. 2024).

Simulation-based optimization (SBO) has become a widely used approach for performance-
driven building design. By integrating parametric modeling and performance simulations, SBO enables
iterative exploration of design alternatives and evaluation of parameter impacts on performance
objectives (Luca et al. 2024). However, SBO in early design often involves numerous parameters and
objective functions with black-box characteristics, leading to a complex design search space that
increases computational demand and limits the interpretability of design decisions (Zhou & Xue 2025).
Conventional optimizers struggle to approximate near-global solutions within limited iterations,
underscoring the need for more efficient strategies to guide and shrink the design search space under
constrained computational budgets.

Mainstream strategies employed surrogate models to approximate the design search space and
sensitivity analysis to identify important design parameters (Danhaive & Mueller 2021; Hinkle et al. 2024;
Tian et al. 2024). However, both techniques rely heavily on extensive simulation datasets and often
require re-execution for different optimization tasks, resulting in significant time and labour costs. To
address these limitations, Zhou and Xue (2025) introduced the Automatic Information Gain-guided
Convergence (AIGGC) method, which instead employs small-scale historical optimization data to
perform information gain-guided analysis of sub-intervals within each design parameter. The AIGGC
method reduces the complexity of the design search space and accelerates convergence while
enhancing interpretability. Nevertheless, the absence of an integrated, visual, and interactive platform
has limited its broader application in practice.

Large language models (LLMs) have shown considerable potential in natural language
understanding and code generation (Fang et al. 2024). By lowering the barrier between domain expertise
and computational modelling, LLMs enable non-expert users to specify complex analytical tasks
without extensive programming skills. In architecture, engineering, and construction (AEC), recent
studies have applied LLMs to support more interactive and accessible human-Al collaboration. These
applications are typically grouped into three categories: information retrieval (Guo et al. 2025; Li & Wang
2025), where LLMs translate natural-language queries into building or BIM semantic data; task
automation (Gao et al. 2025; Zhang et al. 2025), where LLM-based agents convert user requirements
into executable modelling workflows; and interpretability enhancement (Zhang & Chen 2024), where
LLMs are combined with interpretable machine learning to clarify rule-based rationale. However, the
applications of LLMs in complex SBO tasks remain limited.

This study presents L-SCOPE, an LLM-assisted interactive platform for design Space
Convergence and Optimized Parameter Exploration. Operating within the Grasshopper ecosystem, L-
SCOPE seamlessly integrates with existing SBO tools. Through a prompt-driven, multi-turn dialogue
interface, users can issue natural language queries, customize analysis indices, and review editable
code before execution. This human-in-the-loop process mitigates risks of hallucination, improves
interpretability through visualization, and preserves user control. The platform integrates optimization
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outputs, design parameter analysis, and automated domain convergence into an interoperable
workflow, extending conventional SBO with interpretable, stakeholder-oriented insights and Al-assisted
decision support.

The contributions of this study are twofold: (i) an integrated approach that combines LLM
capabilities with information-theoretic analysis to enhance the interpretability and efficiency of building
design optimization; and (ii) an interactive language-based interface that facilitates active participation
and decision-making by non-expert stakeholders.

2 Related works

In early-stage sustainable building design, designers generally adopt Rhino-Grasshopper workflows
with SBO tools to explore and evaluate design alternatives (Luca et al. 2024). Common plugins such as
Ladybug for daylighting, Honeybee for energy simulation, and various optimization solvers enable
automated design iterations. Popular optimizers, including Genetic Algorithm (GA), CMA-ES, and
RBFOpt-based methods, run predefined iterations and output the best-performing solution (Brown et
al. 2020). Since the objective functions are black boxes computed by external simulation engines using
climate and physical models, direct mathematical formulations are infeasible. Combined with
numerous design parameters in early stages, the black-box nature of SBO results in complex search
spaces that limit interpretability and computational efficiency (Zhou & Xue 2025).

Recent research has explored deep generative models and surrogate-based methods to
approximate complex search spaces and support exploration of specific design regions (Brown et al.
2020; Danhaive & Mueller 2021). Others have applied metamodels for real-time interactive optimization
and sensitivity analysis to identify influential design parameters (Hinkle et al. 2024). However, most
sensitivity-based methods need large-scale sampling, which is impractical for time-intensive
simulations. Similarly, machine learning-based feature selection requires retraining when design
parameters or ranges change, increasing computational costs. Moreover, the problem-specific nature
of surrogate models limits the generalizability across different design scenarios, while their predictive
accuracy tends to degrade in high-dimensional or sparsely sampled design spaces (Zhou & Xue 2025).

The AIGGC method addresses these limitations by reallocating a small portion of the
optimization budget to perform information gain analysis on design parameters’ sub-intervals (Zhou &
Xue 2025). The method reduces search space complexity, accelerates optimization convergence, and
improves SBO interpretability, with demonstrated robustness across different scales and optimizers.
However, the absence of an integrated, visual, and interactive platform, particularly within the Rhino-
Grasshopper ecosystem, limits accessibility for practitioners, making it difficult for users to understand
and apply the method effectively.

3 L-SCOPE: LLM-assisted design Space Convergence for Optimized
Parameter Exploration

L-SCOPE is an interactive platform designed to enhance the efficiency of complex SBO in early-stage
design by integrating an LLM-assisted information-theoretic analysis workflow.
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3.1 L-SCOPE workflow and components

As illustrated in Figure 1, the platform operates within the Rhino-Grasshopper environment. The
workflow begins with an initial SBO run, where stakeholders define design parameters, performance
objectives, and an initial iteration budget (N:) using relevant Grasshopper plugins for modelling,
simulation, and optimization. The resulting dataset (e.g., .csv) is transferred to L-SCOPE, which
interprets stakeholder prompts and generates executable Python code for information-theoretic
analysis. Based on information gain rankings, L-SCOPE guides stakeholders in refining design
parameters’ domain intervals. The refined domains are then applied in a second SBO run under the
remaining budget (N.), thereby converging the search toward optimal building design. Each
LLM-generated script was cross-validated with a manually implemented reference during development
to ensure correctness and reproducibility. In practical use, the platform returns the generated code to
the user interface for human inspection before execution, reducing hallucination risks and preserving
user control.

B @9y @ ,
¥

—0 Simulation-based |
—0 optimization T L-SCOPE
(SBO) X o
[nitial Design Optimization IS Platform
Parameters : Result 8 B S
N, , o
¢ O
== n
Opftimiz ! 10¢ LS o
& £ " R \ // K: J
N 2 -
Stakeholders ’rﬁ
=) QO rompts A Code
= ([e¢®¥% @ B |
Optimized Refined Design |
Building Parameters -

Stakeholders

Figure 1. The proposed workflow for L-SCOPE.

As shown in Figure 2, L-SCOPE integrates four Grasshopper components into a three-step
pipeline covering environment setup, interactive information-theoretic analysis, and automated
refinement for design space convergence. Step 1 establishes the local execution environment and
backend server, including components for creating a virtual environment with Python dependencies and
launching the LLM server. Step 2 is the core interactive module, where a control panel enables users to
issue natural language prompts, review LLM-generated Python code and execution feedback, and
visualize key results such as elite probability distributions of sub-intervals and information gain rankings.
Based on these outputs, Step 3 automatically refines the sub-intervals of selected design parameters,
adapts input ports to match the detected parameters, and outputs updated domain intervals with user-
defined precision for subsequent optimization.
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Figure 2. The four components of L-SCOPE.

3.2 L-SCOPE interactive panel

Figure 3 displays the layout of the interactive panel within L-SCOPE. The platform supports multi-modal
outputs, including Python code, console messages, chat history, structured data, and visualizations.
After loading the dataset, the panel displays a parallel coordinates plot to help users inspect the
distribution of design parameters. On the left, analysis factors can be specified through sliders or
natural language prompts. Intermediate results are shown through console outputs and visual feedback,
ensuring transparency and traceability. The final output is a structured summary of key information,
such as the sub-intervals targeted for refinement and design parameters classified as constant.
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Figure 3. Details of L-SCOPE interactive panel.
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4 Experimental results

4.1 Case study and experimental settings

To evaluate the effectiveness of the proposed platform, a case study was conducted based on the
published work of Zhou and Xue (2023). The study focused on a Modular Integrated Construction (MiC)
project for a university student hostel located in Hong Kong. In this case, the optimization objective was
to minimize the Energy Use Intensity (EUI), defined as the total annual energy consumption divided by
the gross floor area (kWh/m?yr). The EUl value was calculated via the Honeybee-Radiance (Ver.1.8)
and Honeybee-OpenStudio (Ver.1.8) components, with a sensor grid size of 0.5 meters. As shown in
Figure 4, the project features a symmetrical layout in which modules B", C%, and C' remain fixed
throughout the study, and modules M\, Mg, and Mc were reorganized during the optimization process. In
addition to module layout, window size and material properties were also considered due to their
significant impact on energy performance (Qin & Pan 2020). The design parameters and their
corresponding domain intervals are summarized in Table I.

Modules type:
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Figure 4. MiC case layout and schematic of module types.

Table I. Description of design parameters for MiC parametric design.

Design parameters Parameter type Unit Parameter domain intervals Precision
MiC Module Type (M1, M2, M3, M4, Ms, Ms, M7,  Categorial - [Ma, Mg, Mc]

Ms, Ms, M1o, M11, M12, M13, M14)

Window-to-Wall Ratio (WWRnN, WWRs) Continuous - 0.10 < WWRn, WWRs < 0.60 0.01
Window Height (WHN, WHs) Discrete m 1.0 < WHn, WHs < 2.5 0.1
Window U-value (Uw) Continuous W/(m?2-K) 0.50 < Uw < 5.78 0.01
Window Solar Heat Gain Coefficient (g) Continuous - 0.100 < Uw < 0.775 0.001
Window Visible Transmittance (t) Continuous - 0.300 < Uw < 0.881 0.001

The experiments were conducted on a desktop computer with an Intel (R) Core i7-10700 CPU @
2.90 GHz processor and 32 GB memory. In this study, DeepSeek serves as the backbone LLM for code
generation and analysis. The experimental configuration in this study follows the settings recommended
in our previous work (Zhou & Xue 2025). The total iteration budget was set to 300, divided into an initial
stage (N1=100) and a second stage (N,=200), optimized using a genetic algorithm (GA) through the
Galapagos component in Grasshopper. The experiments were repeated 10 times (as each run set
required 36 h) to mitigate the stochastic effects of GA and evaluate the robustness of L-SCOPE. An elite
ratio r.=20% was used to classify initial-stage results into ‘elite’ and ‘non-elite’ groups. Each design
parameter’s domain interval was divided into 10 sub-interval bins for calculating elite probability and
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entropy. Based on the calculated information gain, design parameters were then ranked and categorized
into three groups using two thresholds: r.on and reons;, both set to one-third. Parameters with high
information gain were refined by excluding sub-intervals with zero elite probability; those with low
information gain were fixed to constant values; and the remaining parameters were left unchanged. For
detailed definitions and algorithmic procedures, please refer to (Zhou & Xue 2025).

4.2 Experimental results and analysis

4.2.1 Optimized results with L-SCOPE

The experimental results, summarized in Table Il, compare the performance of the Genetic Algorithm
(GA) with and without the L-SCOPE platform over ten independent runs. On average, L-SCOPE achieved
a lower EUI of 113.466 kWh/m?-yr, compared with 114.025 kWh/m?-yr obtained from conventional SBO,
representing a 0.49% performance gain under the same computational budget. For the best-optimized
solutions, L-SCOPE further reduced the EUI from the baseline value of 116.747 to 112.684 kWh/m?-yr,
corresponding to a 3.48% improvement. A two-tailed independent t-test yielded a statistically
significant result (p = 0.019 < 0.05), supporting the robustness and reliability of the observed
improvements.

Table Il. The magnitude and significance of L-SCOPE’s performance in ten runs.

SBO Objective function f Average optimization results Best solution
: . . With % Gain.” Sig.* Conventional With
algorithm Baseline value v
g ( 0) Conventional SBO L-SCOPE SBO L-SCOPE
EUI (KWh/m?2-yr) 114.025 113.466 113.388 112.684
GA A=f-vo -2.722 -3.281 0.49% 0.019 -3.359 -4.063
% Imp.* 2.33% 2.81% 2.88% 3.48%

T: Improvement relative to baseline EUI, computed as| A |/vo x 100%, where vo =116.747 kWh/m2-yr.
*: Relative performance gain of L-SCOPE over Conventional SBO in average EUI results.
#: Two-tailed p-value of independent t-test, bold when p-value < 0.05.

Table lll shows a visual comparison between the baseline and L-SCOPE-optimized layouts. The
optimized design obtained a 4.063 kWh/m?2yr reduction in EUI, with a clearer preference for using
Module B and C over A. The optimized MiC layout also exhibits a more compact and flattened horizontal
profile.

Table lll. Comparison between the best of optimized solutions with L-SCOPE and the baseline solution.

Baseline model layout Best optimized solution based on L-SCOPE

Modules type:

_.I Lo = Iy ™ D

g

EUI (KWh/m2-yr) 116.747 112.684

4.2.2 Robustness evaluation and time efficiency of L-SCOPE

To evaluate the robustness of the LLM-generated code, the platform was tested using a fixed sequence
of seven prompts across ten independent runs. In all cases, the LLM reliably produced syntactically
correct and executable Python code. Only minor formatting artifacts, such as Markdown-style
annotations (e.g., triple backticks), occasionally appeared but were easily removed without affecting
execution or reproducibility. No runtime errors or logic inconsistencies were observed, demonstrating
the platform’s robustness in maintaining context and variable consistency across multi-step prompt
interactions. Moreover, validation against a manually implemented reference confirmed that the LLM-
generated code replicated the core information-theoretic analytical logic, achieving consistent
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information gain rankings, accurate identification of converging design parameters, and refinement of
their corresponding sub-interval domains.

As illustrated in Figure 5, L-SCOPE consistently translated sequential prompts into valid code
and coherent visualizations. All ten runs exhibited uniform colour schemes and layout structures, with
only minor variations in bar chart rendering. These results confirm the platform’s reliability in producing
reproducible, interpretable outputs through an end-to-end analysis workflow.
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Figure 5. End-to-end outputs from sequential prompt execution in L-SCOPE.

The platform also improves analysis efficiency. As shown in Table IV, manual information-
theoretic analysis typically takes 40 to 60 minutes, covering tasks such as code development,
debugging, and identifying converging design parameter intervals. In contrast, L-SCOPE completes the
whole process in 4 to 6 minutes, reducing analysis time by a factor of ten and accelerating early-stage
design exploration.

Table IV. Estimated time range of manual and LLM-assisted analysis.

Manual L-SCOPE

Estimated time (min) 40-60 4-6

5 Discussion

This study presents the first implementation of the L-SCOPE platform for early-stage SBO in
architectural design. The platform integrates a large language model (Deepseek) with an information
gain-guided convergence framework to address the limitations of low interpretability and search
inefficiency in existing tools. L-SCOPE enables non-expert users to participate directly in the analysis
through a prompt-driven, human-in-the-loop workflow that interactively guides the refinement of design
parameters’ domain intervals. Compared to conventional SBO methods, L-SCOPE achieved a tenfold
reduction in convergence analysis time and a 0.49% enhancement in energy performance.
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Experimental results confirmed the reliability of the LLM-generated code and the robustness of
analytical outputs across repeated runs.

The limitations of this study are twofold: first, it lacks comparative evaluation against alternative
design space reduction techniques; second, it has not been extended to address multi-objective
optimization tasks, such as daylighting, thermal comfort, or construction cost, which remain a direction
for future development.

6 Conclusions

This study proposes L-SCOPE, an LLM-assisted interactive platform designed to support interpretable
and efficient early-stage building design optimization. The platform consists of four Grasshopper
components, enabling an end-to-end workflow that covers environment setup, server initialization,
information-theoretic analysis, and automated interval refinement. By combining large language
models with information gain-guided convergence, L-SCOPE facilitates seamless human-Al interaction
and empowers non-expert users to engage in design space convergence through natural language
prompts. Experimental results demonstrate the platform’s robustness, reproducibility, and significant
improvements in analysis efficiency. L-SCOPE contributes to both the enhanced interpretability and
computational efficiency of the optimization process, and the promotion of broader stakeholder
participation through an interactive language-based interface.

Future developments will focus on evaluating L-SCOPE’s broader applicability to diverse
performance objectives, benchmarking alternative language models, and validating user accessibility
and decision support effectiveness through practitioner studies.
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