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Abstract —

BIM design workflows involve complex multi-step
interactions with professional software, limiting the
direct use of large language models (LLMs). This
paper proposes an LLM-agent-driven BIM design
assistant that enables natural-language-based BIM
design and visualization through reliable tool
invocation. First, a two-layer Revit interface function
library is designed to bridge LLM agents and BIM
software, providing secure, extensible, and fine-
grained model manipulation capabilities. Based on
the ReAct paradigm, an agent framework is
developed that integrates dialogue history
management, structured prompt engineering, and
step-by-step reasoning to support long-horizon and
multi-turn BIM tasks. An agent-oriented BIM
benchmark is constructed to evaluate the system,
covering querying, visualization, modification, and
deletion tasks with varying difficulty. Experiments
with three representative LLMs show that high-
performance models can reliably act as BIM design
assistants within the proposed framework, achieving
up to 90% task accuracy. The results demonstrate the
feasibility of LLM-driven BIM design assistance.
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1 Introduction

Building Information Modeling (BIM) has become a

key data-driven approach across the building lifecycle [1].

By integrating project data into a unified model, it
improves collaboration and information management
efficiency [2]. However, as BIM models become more
complex, tasks such as model manipulation, information
retrieval, and modification still rely heavily on manual
interaction with tools like Autodesk Revit [3], increasing
barriers for non-expert users and reducing efficiency in
repetitive multi-step operations.

More recently, advances

in natural language

processing and large language models (LLMs) have
stimulated growing interest in language-driven BIM
interaction [4]. Existing work has investigated LLM-
based methods for NLP-based information extraction and
analysis [5,6,7], knowledge acquisition [8,9], BIM
question answering [10], and building information
modeling [11]. However, most of these approaches focus
on semantic-level tasks where LLMs mainly support
information understanding or text generation. Their
capability to execute design operations within BIM
software environments remains limited.

The emergence of LLM-based agents provides a
potential solution by enabling models to reason and
interact with external tools [12,13]. In the BIM domain,
this development suggests a shift from passive language
assistance toward active task execution. For example,
Ying et al. proposed a ReAct-based agent for design
checking that can interpret requirements and retrieve
BIM data [14]. Jang et al. explored natural-language-
driven architectural detailing assistance [15]. However,
these studies either rely on predefined task rules or
support only limited BIM operations, and they do not
establish a general framework for reliable natural-
language-driven BIM design interaction.

To address this limitation, this study develops a BIM
design assistant driven by LLM agents to enhance BIM-
assisted design and visualization tasks. The main
contributions are threefold: (1) a two-layer BIM interface
architecture that converts low-level Revit APIs into
structured tools callable by LLM agents; (2) an agent-
based interaction framework integrating ReAct reasoning,
prompt engineering, and dialogue history management
for multi-step BIM operations; and (3) a benchmark
containing 100 BIM tasks across querying, visualization,
modification, and deletion to systematically evaluate the
proposed  framework.  Although  the  present
implementation is developed in Autodesk Revit, the
proposed framework is not entirely Revit-specific. The
platform-dependent components are the BIM operation
layer, which includes low-level Revit functions and
composed Revit Interfaces. By contrast, the two-layer
architectural organization, the ReAct-based planning and
execution workflow, etc., are platform-agnostic at the
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methodological level. Therefore, transferring the
framework to other BIM platforms mainly requires
replacing the low-level tool layer with interfaces built on
the corresponding software APIs.

2  Design and Implementation of an LLM-
Oriented Revit Interface Library

To enable real-time BIM model manipulation, a
structured Revit interface library is developed using the
official Revit APl in C#, exposing core modeling
operations to LLM agents and supporting safe agent-
based BIM interaction.

2.1  Overall Design

Given the broad functional scope of Revit, this study
focuses on structural design tasks and targets common
operations such as element retrieval, modification,
deletion, parameter configuration, and visualization.

To support these operations efficiently and safely, we
design a two-layer interface architecture, as illustrated in
Figure 1. The lower layer, Revit Functions, encapsulates
low-level BIM model operations and directly interfaces
with the Revit. While the upper layer, Revit Interfaces,
composes basic functions into higher-level, agent-facing
operations, enabling more expressive manipulation.
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Figure 1. Two-layer interface architecture

This layered design allows shared functionality to be
implemented once at the lower level while supporting
diverse, integrated operations at the upper level, thereby
improving extensibility and development efficiency.
Moreover, since all model modifications in Revit are
managed through transaction mechanisms, potentially
unsafe operations are isolated at the lower layer and
exposed to the agent only under controlled conditions at
the upper layer. Structured input-output descriptions
further accompany each Revit interface to facilitate
accurate tool selection and invocation by LLM agents.

2.2 Design of Revit Functions

Revit Functions form the low-level interaction layer
that directly and safely operate on the BIM model,
comprising nine core functions that provide essential
modeling capabilities, as illustrated in Table 1.

Table 1. Core Revit functions

Function Name
Convert Unit

Description
Converts parameter value
between user and internal unit
Builds filters for element

Create Element

Filter selection
Delete Object Deletes specified model element
Get Category Retrieves built-in element

categories
Get Parameter Retrieves internal parameter unit
Unit
Retrieve Object Retrieves elements matching
given filters

Retrieve Object Retrieves parameters of a

Params specified element
Set Element Sets values of editable element
Parameter parameter

Show Elements Highlights selected element

When composed appropriately, these core functions
are sufficient to support all target operations while
providing controlled access to internal model data. And
they are designed to be extensible, enabling future tool
integration without altering the core framework.

2.3 Design of Revit Interfaces

While Revit Functions provide low-level capabilities,
their API-specific data types are not suitable for direct
LLM interaction. Therefore, a higher-level layer, Revit
Interfaces, composes multiple functions into integrated
operations with simplified inputs (e.g., text and numeric
values) for agent invocation (Figure 2). These interfaces
also return structured execution feedback for reasoning.
Eight interfaces are implemented to support the target
BIM operations (Table 2).

Table 2. Core Revit interfaces

Function Name
Delete Element

Description
Deletes elements specified by
IDs. Return deleted element IDs
or the failure cause

Retrieve Return elements matching given
Element filters or the failure cause
Retrieve All Return all parameters of a

Parameters specified element in a structured
format or the failure cause

Retrieve Return a specific parameter using



Parameter With
Built-In Id
Retrieve
Parameter With
Parameter Name
Set Parameter

its built-in ID in a structured
format, or the failure cause
Return parameters matching a
given name in a structured format
or the failure cause
Sets parameter values by built-in

With Built-In Id  IDs with validity checks. Return
parameter IDs and value changes,
or the failure cause
Sets parameter values by name
with validity checks. Return
parameter IDs and value changes,
or the failure cause
Highlights specified elements in
the 3D view. Return displayed
elements' IDs, or the failure cause

Set Parameter
With Parameter
Name

Show Elements

By leveraging these, the agent can manipulate BIM
models through textual inputs. Moreover, the Revit
Interfaces layer is designed to be extensible, allowing
additional interfaces to be incorporated.

Revit Interfaces Revit Functions

ShowElements GetCategory
SetParam ShowElements
WithName
SetElement
SetParam Parameter
WithBuiltInld
RetrieveObject
Retrieve
Element RetrieveObject
Params
RetrieveParam
WithName GetParameter
Unit
RetrieveParam
WithBuiltInld DeleteObject
RetrieveAll CreateElement
Parameters Filter
DeleteElement ConvertUnit

Figure 2. Dependencies between Revit Interfaces
and Revit Functions

2.4 Interface Descriptions for LLM-Based
Agents

LLM-based tool invocation relies on explicit
interface descriptions. Accordingly, each Revit Interface
is accompanied by a standardized description consisting
of four components: interface name, functionality, input
parameters, and output definitions. The interface name
serves as the identifier for agent invocation, while the
functionality provides a concise summary of the interface
behaviour. Input parameters specify the semantics and
data types required for correct execution, and output

definitions describe the format and meaning of returned
information, which supports subsequent agent reasoning
and decision-making. These descriptions are assembled
during agent-user interactions to support accurate tool
selection and execution, as illustrated in Figure 3.

{

“Interface name”: DeleteElement

“Functionality”: This interface deletes element(s) from the Revit
project given their element ID(s)

“Input parameters”: The requirements and meanings of the input
parameters of this interface are as follows: elementldStrings: A list
of string representations of element IDs of all elements to be deleted
“Output definitions”: This interface outputs a string message
indicating whether the deletion was successful. If failed, a message
showing the failure information is returned.

}

Figure 3. Interfaces descriptive information

3 Design Agent Development Based on
ReAct and Prompt Engineering

This study adopts the ReAct Think-Act-Observe
paradigm as the core framework for BIM-assisted agent
development and designs key components based on this
paradigm. To ensure the correct interpretation of Revit-
specific context, a curated prompt library is incorporated
to support reliable multi-turn reasoning and execution.

3.1 Multi-Turn Agent Component Design

Complex BIM design tasks typically require multi-
turn interactions with users or the system rather than
being completed in a single operation. This necessitates
mechanisms for managing dialogue history, controlling
the interaction process, and coordinating real-time
communication between the agent and Revit interfaces.
To meet these requirements, the agent’s functionalities
are decomposed into modular components that together
support a complete conversational workflow.

Specifically, five agent components are designed to
collaboratively construct the interaction framework,
supporting instruction parsing, task planning, tool
invocation, execution, and user feedback, as shown in
Figure 4. A dialogue history management system and a
planning and execution algorithm form the core of the
framework, orchestrating the interaction flow and
coordinating other components. Tool invocation is
handled by an executor that maps parsed commands to
Revit Interfaces, while LLM interaction is supported by
a prompt library and LLM APIs for context-aware
prompt assembly and response retrieval. The following
describes these five components in detail.

1. Dialogue history management system: BIM tasks
typically involve long, multi-step interactions,



requiring the LLM to retain awareness of prior
actions and dialogue context. To avoid excessive
context growth and degraded model performance,
we implement a selective history management

mechanism that appends only semantically
essential dialogue content while discarding
auxiliary prompt information. This design
preserves core contextual semantics with

significantly reduced input length, enabling longer
interaction horizons. Dialogue entries are further
annotated with role identifiers to ensure
compatibility with standard LLM APIs.

2. Planning and execution algorithm: Following the
ReAct paradigm, the agent iteratively performs
Think-Act-Observe cycles to complete tasks,
interacting with the Revit environment and using
execution feedback to guide subsequent actions.
The algorithm also determines appropriate task
termination and governs the overall interaction
workflow, as detailed in Section 3.2.

3. Executor: Parsed agent commands are converted
into a structured JSON format and passed to the
executor for interface invocation. Serving as an
intermediary between the agent core and the Revit
interface library, the executor parses inputs, calls
the corresponding Revit Interfaces, and returns
execution results to the agent core as part of the
dialogue.

4.  Prompt library: To guide LLM reasoning and
execution, two categories of prompts are designed,
each combining core instructions, response formats,
examples, and interface information. The prompt
library is detailed in Section 3.3.

5. LLM APIs: Due to the high resource cost of local
deployment, this study adopts an API-based
approach to access remote LLMs. The OpenAl API
is used for its compatibility with the C#
environment in Revit, enabling prompt submission
and response retrieval within the agent workflow.
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Figure 4. Interaction among the main agent
components

3.2 Core of framework Design Based on
ReAct

The operation of the agent requires coordinated
management of multiple components and proper
handling of user-agent dialogue logic. To this end, a
ReAct-based core of framework is designed to govern the
overall interaction workflow of the Revit Agent, which is
executed at the start of each user session. The algorithm
is organized into three main stages: initialization,
dialogue, and termination, with execution actions
conditionally triggered during the dialogue stage, as
shown in Figure 5.
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Figure 5. Core of framework design based on
ReAct

During initialization, the LLM instance, dialogue
history manager, and prompt library are initialized, and
users may select different LLM backbones supported by
the OpenAl API through configuration settings. The
dialogue history manager creates a new history container
and populates it with system prompts and synthetic
agent-user exchanges that simulate background inquiry,
preparing the agent for subsequent multi-turn interaction.
Interface-related information is embedded into the
dialogue history to support later tool invocation. Finally,
the user provides a task description, which serves as the
primary objective for the subsequent interaction process.

During the dialogue stage, the algorithm guides the
agent through multi-turn interaction following the ReAct
Think-Act-Observe paradigm. In each turn, a Think
Prompt from the prompt library is first combined with the
dialogue history to generate a new prompt, and the LLM
produces an unstructured response to plan subsequent
actions. Then an Act Prompt that enforces a structured
JSON output defined as a Message. The generated JSON
is parsed into a C# Message object, enabling executable
control flow, as illustrated in Figure 6. Based on the
Receiver field in the message, two execution paths are
defined. If the receiver is the user, the algorithm
evaluates the End flag to determine whether to terminate
the interaction or proceed to the next dialogue turn after
receiving user input. If the receiver is the system, the



algorithm enters the execution stage, where the executor
parses the Call and Args fields to invoke the
corresponding Revit Interface. The execution result is
then appended to the dialogue history, and the algorithm
proceeds to the next interaction cycle.

{

“Receiver”: system

“Call”: RetrieveElement

“Args”:{
“elementldStrings”: null,
“builtInCategoryName™: “OST_Walls”,
“className™: null,
“familyldString”: null,
“familySymbolldString”: null,
“levelldString”: null,
“isElementType”: false,
“parameterFilterArgs”: null

Figure 6. Example of a message class object

The termination stage indicates that the agent
determines the task to be completed or infeasible. All
executed actions are subject to user confirmation, and
any rejected actions are rolled back to ensure BIM model
data integrity. Finally, all allocated resources are released,
and the dialogue session and task execution are
concluded.

3.3 Prompt Design with Multi-Information
Integration

LLM outputs are highly sensitive to prompts, making
prompt engineering essential. To ensure correct
understanding of Revit-specific context and appropriate
action generation, instructions, Revit background
information, and interface descriptions are integrated into
structured prompts. These prompts are organized into
three types: Think Prompts, Act Prompts, and Interface
Information Prompts.

1. Think Prompts: Consist of core instructions and
response examples. The core instructions guide the
agent to plan subsequent actions based on the
dialogue history, while the examples illustrate
reasonable planning responses.

2. Act Prompts: Include core instructions, response
examples, and summarized interface information.
The core instructions require the agent to generate
a structured Message according to a predefined
format. While the schema constrains the output
format, the examples illustrate correct interface
selection and parameter usage. The interface
summary briefly lists available interfaces and their
functionalities to mitigate LLM forgetting.

3. Interface Information Prompts: Provide complete
interface descriptions, including interface names,
functionalities, and input-output specifications.
Due to their length, these prompts are only injected
during the initialization stage.

{

“Name”: Think Prompt

“Instruction”: Based on the task requirements I've presented, and
taking into account the historical conversation information, please
think in an organized way about what should be accomplished next,
what Revit interfaces should be called, or what necessary
information you need me to add. If the task has been completed,
please think about how you should report and summarize the results
to me. Please note that what you think about at this stage will not be
executed, you can simply reply in natural language.

“Example”: The user wants to get the IDs of all wall instances and
the user has given the built-in category ID of the wall as
\"OST_Walls\". Among the interfaces provided, the
\"RetrieveElement\" interface can filter the eligible element
instances by the built-in category. So next, we can call this interface
and set the input parameter \"builtInCategoryName\" to
\"OST_Walls\", set \"isElementType\" to false and the remaining
parameters to null.

}
{

“Name”: Act Prompt
“Instruction”: Based on the task requirements and the contents of
your thinking above, please reply in JSON format. You can choose
to reply to the Revit system to call a specific Revit interface to
continue completing the task, or reply to me to ask for more
necessary information or report the results after the task is
completed. The two types of replies have different format
requirements.
“Example”: {
\n Receiver = "system", \n Call = "RetrieveElement", \n Args
= {\n { "elementldStrings", null }, \n
{ "builtInCategoryName", "OST_Walls" }, \n { "className",
null }, \n { "familyldString", null }, \n
{ "familySymbolldString", null }, \n { "levelldString", null },
\n { "isElementType", false }, \n { "parameterFilterArgs",
null \n }}
}
}

Figure 7. Prompt examples

4 Benchmark for Agent-Based BIM
Design Assistance Tasks

4.1 Manually Annotated Test Dataset

Due to the lack of publicly available datasets for
Revit-based BIM design tasks, the benchmark dataset is
manually collected and annotated to ensure reliability
and evaluation relevance. All tasks supported by the
current interfaces are categorized into four types:
information querying, model visualization, component
modification, and component deletion. Tasks are
designed for each category based on a reference BIM
model and real-world design scenarios, with multiple
difficulty levels introduced according to operational
complexity.



Each task is accompanied by a manually written
reference answer describing the correct execution
outcome or feasible interface invocation. In total, 100
English test tasks with annotated answers are constructed
to ensure balanced evaluation across different LLMs,
with task statistics shown in Table 3.

Table 3. Task statistics

Task Categories Quantity
Information querying 52
Model visualization 18
Component modification 20
Component deletion 10

4.2 Evaluation Criteria

In practical BIM design and visualization tasks, users
primarily focus on the correctness of final results rather
than execution details. Accordingly, this study adopts an
outcome-oriented evaluation strategy using two metrics:
task completion rate and task accuracy.

The task completion rate measures whether the agent
successfully completes a task and reports the result, while
task accuracy evaluates whether the completed task
produces correct outcomes consistent with user
requirements. Both metrics are computed as the ratios of
completed or accurate tasks to the total number of tasks.
Evaluation is conducted by manually comparing the
agent’s outputs and execution results against annotated
reference answers.

5 Experiment

To assess the reliability of the proposed agent system
and the impact of different LLM capabilities, three
representative models from the GLM series, GLM4-flash,
GLM4-plus, and GLM-Zero-Preview, are evaluated.
These models respectively represent mid-level general-
purpose  performance, flagship  general-purpose
capability, and reasoning-oriented models with strong
logical inference ability.

To facilitate a more detailed analysis of LLM
performance, results are reported by task category and
difficulty level in addition to overall performance. Tasks
are grouped into information querying, model
visualization, component modification, and component
deletion, while difficulty is defined by the minimum
number of interaction turns required for completion (<2,
3-4, and =5 turns for Levels 1-3, respectively). This
criterion reflects increasing reasoning complexity and
dialogue history length.

5.1 Overall Results

Table 4 summarizes the results on the test dataset.

The results show that GLM4-plus achieves the best
performance, reaching 90% accuracy, which exceeds
prior LLM-assisted BIM methods such as BIMS-GPT
[16] under zero-shot prompting. It should be noted that,
due to differences in tasks and datasets, the comparison
with prior studies should be interpreted as a qualitative
reference rather than a strictly equivalent benchmark.
GLM-Zero-Preview and GLM4-flash show similar
accuracy but lower performance than GLM4-plus, while
GLM-Zero-Preview exhibits a notably lower completion
rate despite high correctness on completed tasks. This is
mainly due to its tendency to request additional
information when handling complex interface calls.
Overall, the results indicate that GLM4-plus enables
more reliable BIM-assisted design and visualization
within the proposed agent framework.

Table 4. Overall results

Context  Completion Accuracy
Model - [iit(K)  rate (%) (%)
GLM4-flash 128 70 93
GLM4-plus 128 90 99
GLM-Zero- 16 71 7
Preview

5.2 Performance Across Task Categories

Across task categories, the three LLMs exhibit
distinct strengths, as shown in Figure 8-9. GLM4-plus
achieves near-perfect completion and 100% accuracy in
component modification and deletion, with consistently
high performance across all tasks. GLM4-flash performs
well in information querying and component deletion but
is less effective in model visualization and component
modification. GLM-Zero-Preview excels in component
modification, while its identical completion and accuracy
rates indicate that all completed tasks are correct and all
failures result from incomplete execution, mainly due to
incorrect judgments about required task information
rather than interface invocation errors.
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Figure 8. Classification accuracy
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5.3 Performance Across

Levels
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The benchmark includes 33 Level-1, 28 Level-2, and
39 Level-3 tasks, yielding a balanced difficulty
distribution. As expected, both accuracy and completion
rate decrease with increasing difficulty for all models.
While all LLMs perform well on Level-1 tasks, accuracy
for GLM4-flash and GLM-Zero-Preview drops sharply
on Level-2 and Level-3 tasks, reflecting increased
reasoning complexity with longer interactions.

Completion rate analysis further shows that GLM4-
flash behaves more aggressively by attempting task

completion at all difficulty levels regardless of
correctness, while GLM-Zero-Preview adopts a more
conservative strategy, frequently requesting additional
user input when confidence is insufficient, leading to a
higher rate of incomplete tasks.

Figure 12 presents an end-to-end example of a
GLM4-plus—based agent successfully completing a task
in the model visualization category (difficulty level 2).
The task is to display all door instance elements on Level
2 in the Revit 3D view. As shown, the agent first retrieves
the corresponding elements using the RetrieveElement
interface and then invokes ShowElements based on the
returned element IDs. By sequentially using system
responses to guide subsequent interface calls, the agent
accurately completes the task.

Display all the door elements on level 2 in the Revit 3D view. Note that doors
belong to the built-in category "OST_Doors", and the level ID of level 2 is 694.

Receiver: system
Call: RetrieveElement
Category: OST_Doors

Level_ID: 694

Here are all corr I found, r by their element IDs:
@ "289867", "289901", "290038", "290192", “290263", "290372", "290404".

system
Receiver: system
Call: ShowElements
1Ds: 289867, 289901, 290038, 290192, 290263, 290372, 290404 'E’.“i
Ll

it
@ Elements shown successfully. Reer

system

has been successfully completed. The doors have been highlighted in the 3D view,

Receiver: user
Message: The task of displaying all door elements on level 2 in the Revit 3D view
and you can now visually inspect them.

o) @

user

Figure 12. An end-to-end example

6 Conclusion

This study presents a BIM design assistant driven by
LLM agents and implements a reliable prototype within
the Autodesk Revit environment The main contributions
are as follows:

1. A two-layer interface architecture is designed and
implemented, accompanied by structured interface
descriptions. This design enables real-time
manipulation of Revit BIM models by the agent and
ensures efficient and accurate interface invocation
for seamless BIM interaction.

2. A BIM design agent is developed based on ReAct
and Prompt Engineering. By integrating dialogue
history management, ReAct-based reasoning, and
structured prompt engineering, the agent is
endowed with step-by-step reasoning capability,
allowing it to handle complex tasks and long-



horizon interactions effectively.

3. An agent-oriented BIM-assisted design benchmark
is constructed, introducing task completion rate and
task accuracy as evaluation metrics. A total of 100
manually annotated test tasks are created to
systematically evaluate the reliability and accuracy
of the proposed system.

Experimental results show that high-performance
general-purpose LLMs, represented by GLM4-plus, can
reliably act as BIM design assistants within the proposed
framework, accurately completing tasks of varying types
and difficulty levels with an accuracy of up to 90%.
These findings demonstrate that, when combined with
appropriate agent architectures and domain-specific
interfaces, LLM-driven design assistants can provide
reliable and practical support for BIM-assisted design
and visualization.
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