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ABSTRACT

Entering the 2020s, the discipline of architecture is amidst an epistemological crisis, transitioning from “experience-driven”
to “algorithm-enhanced.” Although Generative Artificial Intelligence (AIGC) has demonstrated astonishing creativity in
the conceptual divergence phase, technical hallucinations and logical fallacies caused by the “Image-Information Gap”
have encountered immense resistance in structural rationality and construction implementation. This study aims to fill this
gap by proposing ALEF (Application-Level Error-free Framework), a full-process closed-loop system built through hybrid
reinforcement learning and physical constraint engines. This study first traces the historical evolution from traditional
design to digital twins, revealing the essence of information loss. Subsequently, through empirical case comparisons
between the ALEF paradigm and traditional paradigms, it quantitatively analyzes the specific impact of the ALEF
framework on efficiency (an increase of about 30%-40%) and error rates (a decrease of about 60%-65%) in Text-to-BIM
transformations. The research finds that by introducing cutting-edge physics-aware tools such as Neural Concept and
PhysicsX, Al’s role can be reshaped from a mere “painter” to a “digital construction partner” equipped with engineering
rationality. Finally, this paper demonstrates that under the new paradigm of human-machine collaboration, the architect’s
role has not perished but has achieved a dual reconstruction of design ethics and creativity through the identity of a “curator.”

Keywords: AIGC; Architectural Design; ALEF Framework; Full-Process Integration; Text-To-BIM; Low Error Rate.

1. INTRODUCTION
1.1 Background and Motivation

The evolution of the architectural discipline has long been accompanied by a paradigm shift from experience-driven to
logical computation. In 1418, Filippo Brunelleschi solved the contradiction between geometry and physical gravity through
the internal logic of double-shell structure and shark fin masonry, and built an unprecedented dome for Florence Cathedral.
The strict construction logic and physical model he left behind represent the “algorithm” in the pre-digital era. Six hundred
years later, the explosive growth of Generated Artificial Intelligence (AIGC) pushed architectural design to a new
crossroads of “algorithm enhancement”. At present, AIGC is mainly used in the early stage of architectural design, such
as concept generation and brainstorming, and in the later stage of concept image generation and visual rendering. In
particular, the image generation tool based on diffusion model enables designers to generate thousands of wonderful stories
and spectacular images at once. For example, with the help of Midjourney or Stable Diffusion, architects can quickly
generate various design schemes and 3D model renderings from sketches or text descriptions, which can help stimulate
creativity and accelerate iteration.

However, the application of existing Al in the intermediate stage of architectural design-especially in structural design and
functional space layout-is quite rare. The main reason is that the existing Al often makes mistakes when dealing with
complex logic. For example, it may forget to build code, physical constraints or functional requirements, resulting in
inaccurate or impossible results. These limitations come from the lack of depth of training data and artificial intelligence
algorithms in the professional field of architecture and the lack of text understanding.

Although Google’s latest large image model, Nano Banana, has greatly improved this problem, there is a profound crisis
behind this ability: the geometric information gap. The building image created by artificial intelligence is just a bunch of
pixels, without the support of structural logic, material properties and building code. This study discusses the future
development direction of a new generation of large-scale image models (such as Nano Banana) and how to integrate them
into the whole process of architectural schematic design, so as to improve the creativity of designers and release
productivity.
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The motivation of this research is not only the worship of technology, but also the reflection on the increasingly serious
sense of division in today’s architectural design and production workflow. The current AIGC application examples usually
present a polarized state: extreme prosperity and excessive forms in the concept generation stage, while automatic poverty
in the design development and document generation stage. This destruction leads to a huge waste of resources-designers
must spend a lot of time “reverse engineering” the illusions generated by artificial intelligence, otherwise they will be
forced to give up concepts completely because they are not feasible.

Therefore, the core of this research is to build a bridge by proposing the “ALEF Framework”, aiming at transforming Al
from a tool for creating visual effects into a low-error design engine with full-process integration capability, through
physical perception module and semantic alignment technology.

1.2 Research Problem and Core Bottleneck: Image-Information Gap and Error Accumulation

This study focuses on the core bottleneck faced when AIGC intervenes in the design workflow: the “Image-Information
Disconnect.”

In traditional design workflows, Form and Information are usually generated synchronously or progressively, but this
linear workflow has defects, as shown in Figure 1(Linear Workflow of Traditional Architectural Design).

Linear Workflow of Traditional Architectural Design
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Figure 1. Linear Workflow of Traditional Architectural Design.

In the existing AIGC workflow, a high-quality rendering (Image) often contains no depth information, material parameters,
or vector geometry data. When designers attempt to translate these 2D images into 3D BIM models, they face the following
three “translation” chasms:

Insufficient Integration: Studies show AIGC excels individually in Concept Generation and Parametric Optimization, but
there is no mature or commercially viable framework capable of integrating the creative spontaneity of Concept Generation
with the structural rationality of Parametric Optimization (based on architectural mechanics) and the documentary rigor of
precision technical drawings like construction and detail drawings.

Information barrier: The biggest problem is text to 3D/BIM. At present, the solution can’t well transform the aesthetic
results of Concept Generation into the geometric and semantic integrity required by BIM, which leads to the interruption
of the workflow for determining the research motivation.

Feedback loop: Although human-computer collaboration and immersive interaction are presentations, the workflow lacks
a feedback loop. The concept of Al generation is static. At present, no system uses customer/designer feedback (for
example, voice commands in VR) to immediately regenerate optimized design variants.

1.3 Research Objectives, Hypotheses, and Scope

The main purpose of this research is to build a low-error integration framework called application-level error-free
framework (ALEF). The framework aims to seamlessly integrate AIGC into the whole architectural design process, so as
to realize the closed-loop design of Al drive from input to output. Specifically, by optimizing each step of the artificial
intelligence generation process, the goal is to improve the overall design efficiency by at least 30% and ensure that the
accuracy of the results meets professional standards. This can not only reduce manual duplication in traditional design, but
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also provide more reliable decision support for designers, thus promoting the transformation of the construction industry
to intelligence.

The research hypothesis is put forward due to the limitations of current Al technology: by adding physical perception
module (which integrates structural mechanics and environmental simulation) and semantic alignment module (which
verifies that text description and geometric model are the same), the error rate of Al in architectural design can be greatly
reduced, at least 20%. This hypothesis comes from the literature analysis of artificial intelligence generation deviations
(such as geometric distortion or functional mismatch), which can be well corrected by modular intervention. Hypothetical
verification will use the comparison of experimental data to prove that the framework is really feasible.

The research field is strictly limited to concept generation, scheme optimization and architectural preparation stage of
architectural design. This includes concept exploration from text/sketch input to 3D model output, parametric performance
optimization (such as sunlight and energy consumption analysis) and preliminary integration of building information
modeling (BIM) data, but does not include actual construction process (such as site construction or material procurement).
In terms of methodology, this paper adopts a mixed method combining qualitative and quantitative analysis. The box
selection will cover typical building types to ensure the universality of the results.

2. LITERATURE REVIEW AND CUTTING-EDGE TRENDS
2.1 The Evolution of Generative Al in Architectural Design
The First Stage: Rule-Based Expert System

As early as 1970s, pioneers such as Nicholas Negroponte began to explore the concept of “machine architecture”. They
tried to turn the design logic into rules that the computer could understand . At that time, the main methods were Shape
Grammar and Cellular Automata. Using these methods, designers create complex floor plans or exterior walls using
predefined and very strict geometric transformation rules 1. Although this method is very logical, the result depends
largely on the handwriting rules. She has no ability to adapt herself or make real new discoveries in creating shapes.

The Second Stage: Discriminatory Al and Parameterization

In the 21st century, with the great progress of computer power, “Parametricism” proposed by Patrik Schumacher has
become the mainstream of this industry Bll4l. At this point, artificial intelligence mainly acts as a “discriminator” and an
“optimizer”. Using genetic algorithm (GA) or artificial neural network (ANN), designers can explore a wide range of
parametric solutions to find the best results to meet specific indicators (such as sunlight, structural strength and energy
consumption) [, This stage is characterized by “performance-oriented morphology”. Even if artificial intelligence
intervenes in the decision-making process, its basic nature is still repeated optimization based on deterministic algorithms,
rather than real content generation.

The Third Stage: Generating Al and Diffusion Model.

Since 2020, deep learning technology, especially GANs and diffusion model, has fundamentally changed the difficulty of
entering the world of architectural design M, Different from the previous logic based on geometry, Al has turned to the
exploration of potential space based on pixels at this stage (€.

Initial Exploration (Stage GANSs): Using models like Pix2Pix, architects began to try to automatically generate floor plans
from functional bubble diagrams and quickly transmit exterior wall styles 2%,

Stage diffusion model: With the steady diffusion and the maturity of tools such as Midjourney, Al has achieved a key leap
from fuzzy semantics (text) to high-fidelity reference images (images). This “decentralized” creative mode has greatly
released the imagination of architecture in the conceptual design stage. However, due to its lack of three-dimensional
geometric constraints, it also produces the aforementioned “geometric illusion. (2

Current Trend: Physics-Aware Evolution

At present, the development track of artificial intelligence is a complex transition from “pure visual generation” to
“embedding of physical method”. Recent research has begun to introduce structural stress and material properties into the
reasoning process of diffusion model (%, By developing an end-to-end integration framework with low errors, people work
together to transform artificial intelligence from a simple “rendering tool” to a technically feasible “collaborative
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intelligence” 7). This evolution not only represents the iteration of technology, but also acts as a catalyst for the
transformation of architect’s role paradigm, from “draftsperson” to “systems curator” [16],

2.2 Error Types and Causes of Current AIGC in Architecture

Although artificial intelligence generated content (AIGC) shows impressive ability to create shapes in the design stage,
when you want to convert them into actual objects, the results have a big problem: they will lose a lot of information and
be illogical.

Geometric Problems and “Illusion”

Diffusion models work mainly by creating images from pixel statistics, rather than building things logically by using
spatial relationships ®l. Because of this, the generated planes usually have “geometric illusions”, such as impossible
surfaces, unclosed edges, or intersecting parts, as if the laws of space do not exist [*]. These errors make the image look
normal on the screen, but when you import it into 3D software to check its geometry, it almost never forms a valid solid
object. This is the so-called “huge gap between images and information™ 21,

Lack of Physical Logic and Structural Blind Spots

Today, the main tools of AIGC do not naturally know how the laws of physics work (such as gravity, wind load and
material limit) [, Because the training data are mainly two-dimensional architectural images, rather than three-
dimensional models with structural information, AI still cannot distinguish between “decorative elements” and “load-
bearing structures” 2. For example, when it creates complex shapes, Al can make shapes that don’t obey static rules at
all. This problem of physical logic makes the created project very risky and can’t be really built [*3],

Correction Cost Overflow Caused by Semantic Disconnection

Because the result of artificial intelligence is “dead information” without metadata, it cannot be directly put into the
category of building information model (BIM), such as walls, floors or columns [*61. Therefore, designers must carry out a
lot of reverse engineering in the final stage of detailed design 4. Research shows that there are many logical errors in the
cost of manually correcting artificial intelligence design, which is usually higher than modeling anything from scratch.
This “negative cooperativity” phenomenon completely violates the original goal of artificial intelligence aided design,
even if the work is more efficient 17,

2.3 Cutting-Edge Tools and Models: PhysicsX LGM, Neural Concept, etc

In order to overcome the above mistakes systematically, frontier research is now shifting from pure visual generation to a
new paradigm. This model is characterized by “physical awareness” and “performance-driven” methods.

Physics-Aware and Performance Optimization Models Physics and Performance Optimization Model

The emergence of cutting-edge tools such as PhysicsX LGM and Neural Concept shows that Al is actively participating
in the underlying physical simulation of the architecture [*°1, By integrating deep learning to predict the physical properties
of 3D shapes, these tools can provide real-time feedback on fluid dynamics or structural mechanics and shape generation.
This progress greatly speeds up the calculation period required by the traditional finite element analysis (FEA) (4,

3D Reconstruction and Semantic Association Technology

The maturity of technologies such as 3D Gaussian scattering and nerve radiation field (NeRF) provides a new technical
way to transform 2D images into 3D entities M. By using multi-view consistency constraints, these technologies can
extract high-fidelity geometric point clouds from conceptual images generated by artificial intelligence. In addition, they
also help to connect these geometries with the semantics of building information model (BIM), thus bridging the natural
semantic gap 12,

Integrating Parameterized Platform and Broadcast Model

The research of researchers in China, such as Philip -Yuan, shows that integrating broadcast model with parameterized
platform (such as Rhino/Grasshopper) can clearly guide Al generation through topological graph or established
performance parameters (. This method ensures that the generated results meet strict engineering constraints while
maintaining creative exploration.
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2.4 Global Research Gaps and Ethical Challenges

Although great progress has been made in technology, there is still a big gap in the research of life cycle integration and
moral standardization.

Lack of End-To-End Integration Framework

The current research, whether at the national or international level, mainly focuses on optimizing isolated steps, such as
plan generation or appearance style transfer 1131, There is a significant lack of a low-error integration framework covering
the entire input-generation-verification-iteration process. When switching between different softwares (for example, from
stable broadcasting to Revit), data loss and accuracy reduction are still the main obstacles to professional practice 19,

Reconstruction of Designer’s Role Ethics

With the improvement of the self-generating ability of artificial intelligence, the professional boundaries of architects are
fundamentally questioned €1, Neil Leach suggested that designers should change from “creators” to “curators” or
“algorithm hosts”, which triggered a profound debate about originality and professional subjectivity of design ™.

Intellectual Property Rights and Cultural Prejudice

At present, there is no complete legal framework to decide who owns the copyright of AIGC works and legally collects
training data [*2. In addition, the Al model can absorb data containing specific regional bias during training, which may
lead to the standardization of architectural culture '8, Knowing how to protect the uniqueness of local architectural heritage,
ensure the legitimacy of design, and use artificial intelligence to improve efficiency is still a very important issue in future
research [26],

3. CONSTRUCTION OF THE ALEF (ARCHITECTURE LOW-ERROR FRAMEWORK)

After determining that “image information disconnection” and “geometric illusion” are the main problems of current AIGC
architecture applications, this study proposes “Low Error Architecture Framework” (ALEF). The framework aims to
deconstruct the linear and unidirectional production models of traditional AIGC. By introducing physical laws, semantic
mapping and immersive verification, ALEF has built a strict closed-loop system for human-computer cooperation.

3.1 Overall Framework Design: Input-Generation-Validation-Iteration Closed Loop

The logical core of ALEF framework is to integrate “uncertain generation” into “deterministic constraint” system.
Traditional AIGC workflow usually produces high-quality images in the end, but ALEF framework regards it as the
beginning, not the end, of the design process.

The closed-loop circuit of the framework is shown in Figure 2 (ALEF architectural design framework working mode):
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Figure 2. ALEF Architectural Design Framework Working Mode.

Through this closed loop, the design result can gradually evolve from a simple “pixel set” to a highly deterministic
“information model”, realizing a seamless transition from visual representation to engineering logic 2.
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3.2 Physics-Aware Generation Module

Physical perception generation module is the main technical method to solve “geometric illusion” in ALEF framework. Its
core principle is to first integrate the rules of architectural physics and impose strict structural constraints on the algorithm
in the reasoning stage.

Mainly, the module introduces the zoom locking mechanism. Using geometric control plug-ins such as ControlNet, the
modular grid system is predefined in the potential space. This effectively avoids the scaling or thickness distortion of
components that do not conform to the correct physical sense in the process of Al generation.

Secondly, the structural topology optimizer (TO) is integrated into the module. When generating a complex free-form
surface, the system performs “structural filtering” on the generated pixel cloud according to the predefined charge transfer
path [, For example, when artificial intelligence tries to generate a large fault door space, the module will force the
addition of supporting logic or optimize curvature on specific nodes to reduce shear stress. This “performance-driven”
generation logic ensures that the preliminary proposal generated by AIGC is subjected to virtual “physical review” before
entering the modeling software.

In order to prevent serious “cantilever illusion” or “load discontinuity” in the generated artificial intelligence, this study
incorporates a nonlinear penalty function in the generation cycle. Different from the linear function, this model adds a
quadratic penalty term to simulate that when the span increases due to the moment 914, the pressure will increase rapidly
(such as exponential).

Mathematical Definition of the Penalty Function:

= —1>
Lpenalty = @ * (Leantilever — D + B - e<"ywld (1)
Core Dependent Variable: L penalty

Physical meaning: total fitness score.

Function: This value measures the difference between the generated pattern and the physical reality. During the training
or generation cycle of artificial intelligence, a high score means that the model is not logical in physics. Therefore, this
forces the model to be modified by optimizing the loss function to make it more reasonable.

The first (Cantilever Constraint Term)

This term is specifically aimed at the problems of “excessive cantilever” or “anti-gravity support”, which Al often produces
in architectural design.

L cantilever: Actual Cantilever Length. This refers to the horizontal distance from the final vertical support point to the
structural edge in the Al-generated model.

T: Safety Threshold. The safe cantilever limit defined according to standard architectural engineering codes (e.g., concrete
or steel structure specifications) (e.g., 5.0m).

(L cantilever - T) ~2: Quadratic Penalty Factor. When the cantilever length exceeds the threshold, the squaring operation
simulates the exponentially increasing pressure exerted by the bending moment as the span expands.

a: Weight factor. It adjusts the proportional contribution of cantilever length to the total penalty.
Terminology of Material Constraints (Item 2)

This term uses an exponential function to simulate the sudden transition of a structure from a “compromise” state to a
“complete failure”.

o: actual equivalent constraint. The internal stress of key structural joints is simulated by simplified finite element analysis
(FEA).

o yield: Yield Strength. The stress limit that the selected building material (e.g., Q355 steel or C30 concrete) can withstand.

o /o yield: Stress Ratio. When this ratio exceeds “1.0”, it indicates that the structure has physically failed or collapsed.
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E * (o /o yield- 1): Exponential Growth Factor. Leveraging the properties of the exponential function e”x, this ensures that
as the stress approaches and exceeds the material’s limit, the penalty score experiences explosive growth, compelling the
generation algorithm to discard such designs.

B: Strength Control Coefficient. This is used to balance the dominance of the stress constraint during model training.

Corresponding Python Algorithmic Logic of Nonlinear Penalty Function

CODE
import math
def
calculate_ale_penalty(cantilever_le
n, beam_span, current_stress,

yield_strength):

Calculates the structural
compliance penalty score for AIGC
integration.

Uses non-linear growth to
simulate real-world physical failure
risks.

penalty_score = 0.0

# 1. Cantilever length penalty:
# Quadratic growth simulates the
exponential increase of bending
moments.
if cantilever_len > 5.0:
penalty_score += 150.0 *
math.pow((cantilever_len - 5.0), 2)

# 2. Structural span support
detection:
# High fixed penalty for spans
exceeding 10m without
intermediate support.
if beam_span > 10.0:

penalty_score += 300.0

# 3. Material stress ratio penalty:
# Exponential function simulates
the rapid collapse risk as stress
nears/exceeds yield point
# Ensure yield_strength > 0 to
avoid ZeroDivisionError.
if yield_strength > 0:
stress_ratio = current_stress /
yield_strength
if stress_ratio > 1.0:
penalty_score += 500.0 *
math.exp(stress_ratio - 1.0)

return penalty_score

Figure 3. Corresponding Python Algorithmic Logic of Penalty Function.

As shown in the physics-based correction mechanism in figure 3 (Correcting Python Algorithmic Logic of Pensionality
Function), it well compensates the uncertainty of diffusion model at topological geometry level [*21,

3.3 Automated Script Generation and Semantic Alignment Module

In order to solve the problem of manual correction cost caused by “semantic gap”, ALEF framework developed a special
automatic script to realize the semantic alignment between “image edge” and “BIM component”.

This module adopts two-way mapping strategy:
Geometric Reconstruction Path: Computer vision (CV) algorithm is used to extract depth map and ordinary map from
generated images. In the Grasshopper environment, Python scripts will automatically fit these data into non-uniform
rational B-spline surfaces (NURBS) [*2, The script automatically closes the broken geometric boundary and transforms the
“non-manifold” shape into a computable entity.

Semantic Injection Path: This is the key innovation of ALEF framework. The system uses semantic segmentation
technology to identify pixel attributes in images (for example, to distinguish walls, windowsills and floors), and
automatically attaches corresponding attribute labels according to IFC standards [*9,
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This means that when the generated form is imported into BIM software such as Revit, it is no longer a meaningless
triangular mesh, but an “intelligent component” equipped with material parameters, thermal performance data and
structural attributes. This automatic alignment greatly reduces the repeated work of architects in the reverse engineering
stage and ensures the integrity of data flow 1%,

3.4 Immersive Collaboration and Real-time Feedback Module

The last step of ALEF framework is to create an “immersive collaborative environment” based on VR/AR technology, so
as to make design decisions immediately.

In traditional working methods, design errors are often discovered long after the modeling stage. However, the ALEF
framework puts the generated project directly into the virtual space through an interactive engine (such as unreal engine
5).

Multidimensional perception: Designers can use VR helmets to enter projects created by Al. Therefore, they can evaluate
the space size, light quality and pedestrian flow from the first-person perspective. This immersive interaction helps the
recognition algorithm to check the sensory errors that may be missed [,

Real-time feedback and modification: Using natural language localization editing technology, designers can directly issue
corrective commands to Al in virtual space, such as “opening corridor” or “adjusting the ratio of window to wall”. The
system immediately starts the local redrawing logic and updates the BIM data link in the background 23],

This man-machine cooperation mode has changed the decision-making role of architects: architects are no longer
mechanical designers, but “regulators” and “curators” of the design system, guiding Al to develop in a more scientific and
rational direction through real-time sensory feedback [11 126,

4. KEY TECHNOLOGICAL IMPLEMENTATIONS: FROM TEXT-TO-BIM TO VR
COLLABORATION

Under the guidance of the main principles of ALEF framework, this part strictly examines the technical methods used to
transform various generative design concepts into highly accurate building information model (BIM). This helps to create
a real-time, immersive collaboration environment. The goal is to concretize abstract computational creativity in order to
obtain reliable and constructive data.

4.1 Geometric Reconstruction and Semantic Injection: Bridging the Gap Between Imagery and Information

The biggest problem in building a good “text-t0-BIM” pipeline is to convert complex and disorderly pixel information into
parameterized components that follow strict topological logic rules. In order to bridge the gap between thinking and
computing, this research uses two technical methods based on advanced reverse engineering and strict semantic alignment.

Geometric reconstruction: traditional photogrammetry is often difficult to cope with the complex spatial details of
buildings created by artificial intelligence. This is why this module uses “3D Gaussian mosaic” technology to extract very
dense and voluminous point clouds from the view set generated by Al. By combining it with the step-based sampling
algorithm discussed earlier, the system significantly reduces pixel problems and noise. Then the edge of the broken pixel
is adjusted mathematically to make it a smooth and continuous surface, which completely conforms to the non-uniform
rational B-spline (NURBS) system in Rhinoceros 3D. In the whole process of shape transformation, the feature matching
of OpenCV algorithm ensures that the generated results are geometrically closed and form a continuous surface in 3D
space, effectively eliminating the “geometric illusion”, which we often see when the model diffuses to produce something.

Semantic injection: At the same time of geometric reconstruction, a highly specialized semantic segmentation module,
driven by a visual transformer (ViT), is initialized. This neural structure is very suitable for capturing long-distance
dependence in images. This enables it to identify and isolate specific features of pixels, such as load-bearing walls,
windows and structural columns. After isolation, these functions will be automatically associated and mapped to a specific
ontology category in the industry-based class (IFC) standard. This profound change means that the generated output is no
longer a “static” and meaningless polygonal mesh. Instead, it is instantiated as a “smart object”. Each entity is rich in
metadata, such as thermal coefficient of materials, bearing capacity of structures and life cycle parameters. This directly
provides the required data structure for energy simulation and downstream structure finite element analysis in native BIM
environment.
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4.2 Multi-modal Interaction and Real-time Modification: The Deep Evolution of Human-Machine Collaboration

In order to cultivate an efficient man-machine cooperation mode, the framework introduces a complex multi-modal
interactive interface, which allows architects to make real-time deterministic intervention on the generated model through
natural language processing, spatial gesture recognition and traditional parameter slider control.

Multimodal command parsing: The system uses Large Language Model (LLM) as its main interaction center. LLM is
optimized as a semantic translator, which transforms the abstract or fuzzy language instructions of architects (for example,
“Enhance the solid-void contrast on the southern facade” or “Reduce the cantilever span locally to minimize deflection”)
into specific executable parameter control scripts (for example, Python or Grasshopper definitions). This NLP-based
pipeline fundamentally subverts the complex one-step operation path of traditional 3D modeling, and realizes a fast
iterative cycle, which is characterized by “intention equals immediate result”.

Real-time feedback loop: When the designer makes local changes, the nonlinear penalty function will automatically
intervene. The system quickly performs simple calculations to understand the behavior of the structure. If the designer’s
behavior violates the basic mechanical rules-for example, if the local stress exceeds the safety limit.

Frac Sigma Sigma Textyield>1.0-The system immediately displays a red alarm in the VR interface. At the same time, the
algorithm calculates and provides a set of parameter values, which are a Pareto-optimal trade-off between what the designer
wants to do and strict safety rules. This immediate feedback ensures that the design always develops within a physically
feasible and safe framework.

4.3 Toolchain Integration: Efficient Synergy Among Hypar, Forma, and Unreal Engine

The successful deployment of ALEF framework depends entirely on a highly interoperable digital ecosystem. The
architecture seamlessly generates computing power, parameterized logic and immersive rendering engine, eliminating data
islands.

Use Autodesk Forma and Hypar for logic pre-simulation: In the initial concept stage, Autodesk Forma is used for real-
time analysis of microclimate within the city and evaluation of parameters such as wind comfort, solar radiation and noise.
Then, these strict environmental constraints are sent to Hypar, a cloud-based algorithm generation platform, through API
endpoints. Then, Hypar’s generation logic engine runs a series of predefined construction algorithms, and independently
generates preliminary volume proposals, which strictly abide by the optimized natural lighting conditions and the legal
floor area ratio (FAR) regulations of specific sites.

Unreal engine 5 is used for immersion verification: the BIM model generated by this algorithm is exported through
Datasmith Bridge and placed in unreal engine 5 (UE5) environment. This step uses Nanite technology of UES5, which can
compress and display very complex and detailed free surfaces without slowing down the image speed. At the same time,
Lumen’s light and reflection system creates realistic real-time lighting. This enables us to evaluate the spatial quality of
the generated design with unprecedented accuracy.

Full-cycle collaborative optimization: In UE5 virtual reality environment, designers can operate in space. Using VR
handles, they can touch, resize and move building elements. Most importantly, a special protocol ensures that all changes
in the VR environment are sent to the original data structure of Rhino/Revit in real time. This ensures that the model of
our life in VR is exactly the same as the technical plan.

This tight integration of cross-platform tool chains not only eliminates the loss of accuracy that often occurs when
converting data between different softwares, but also completely changes the workflow design through immersive
collaborative functions. It frees architects from repetitive and boring mechanical modeling tasks. This enables them to use
their thoughts for more important things: clearly expressing the strategic thinking of design, planning space in a moral way,
and finding aesthetic balance. In the end, this technical framework will lead to a fundamental change in the way of working.
It transforms the architect from a simple “draftsman” to a real “decision-making” master of complex computing systems.

5. EXPERIMENTAL DESIGN AND CASE VALIDATION

This section evaluates the performance of ALEF framework in the whole architectural design process through figures and
descriptions. To this end, we used accurate experiments and case studies. The purpose of this experiment is to verify how
ALEF framework can greatly reduce the logical error rate of AIGC output through its physical constraint mechanism and
improve the design efficiency at the same time.
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5.1 Experimental Setup and Evaluation Metrics: ALEF Paradigm vs. Traditional Paradigm

In order to verify the validity of ALEF framework, a rigorous comparative experiment was designed in this study. A
hypothetical cultural center project located on the west coast of Shanghai was chosen as the design theme. We invited ten
designers with the same professional experience and randomly divided them into two groups for a two-week design
competition;

Group A (traditional group): using traditional design workflow, drawing plane, elevation and section with AutoCAD, 3D
modeling with Rhinoceros 3D, and final visualization with D5 rendering.

Group B (ALEF Group): ALEF integrated workflow is adopted, including concept generation through Midjourney,
parameterized logic transformation through Grasshopper, physical verification based on the aforementioned penalty
function, and real-time VR review in unreal engine 5(UE5).

The evaluation criteria are based on the following four aspects:
Scheme Iteration Efficiency: the number of effective design variants produced per unit time.
Geometric Compliance Rate: The frequency of topological and physical logic errors detected by automation scripts.

BIM translation time: the time required to transform the conceptual intent image into a preliminary building information
model (BIM) with semantic information.

Sensory evaluation: the blind evaluation of the novelty and cultural consistency of the scheme by the expert group.
5.2 Comparative Analysis of Efficiency and Error Rates

The experimental results show that the modern workflow under the framework of ALEF just solves the problems faced by
the industry:

Prompt Semantic Guidance: Quickly locate the formal language through a specific style prompt keyword (for example,
“fluid parametric tower, ZHA style”).

Automatic translation: the concept image is directly converted into Grasshopper parameterized logic through ALEF script.

VR Comment: The real-time environment of UE5 has replaced the long rendering expectation, which has accelerated the
variant generation process of complex projects (such as Daxing Airport) by nearly 10 times.

ALEF framework shows a very significant advantage in data performance, but also reveals the substantial impact of “low
error integration”, as shown in Table 1: Performance comparison between experimental groups (ALEF framework and
manual workflow).

Table 1. Performance Comparison Between Experimental Groups.

Metrics Iteration Efficiency Development Time Efficiency
Improvement
Group A/ Control 5 Valid Variants Baseline Time (100%) Critical Error Rate
(Baseline rate)
Group B/ 120 High-fidelity 40% Time Reduction 65% Reduction in
Experimental Variants Critical Errors
Performance Gain 24-fold Increase 1.67-fold Efficiency Improvement Significant Reliability
Gain

5.3 Creativity and Sustainability Assessment: Beyond the Turing Test
Evaluating the quality of the scheme in blind evaluation, the Senior Architect Committee gave very enlightening feedback:

Formal Novelty: Because of its complicated fluid geometry and nonlinear characteristics, Group B has a higher score in
formal aesthetics. This shows that generative Al may surpass the usual human aesthetic paradigm.

There is no “Genius Loci”: interestingly, the mode of group B is slightly lower than that of group A in the measures related
to “cultural metaphor” and “emotional resonance with websites”. This shows that although the current AIGC is good at
dealing with complex geometric logic and data constraints, it is still a “black box” in understanding deep cultural relations.
Therefore, it really needs the in-depth intervention of designers as “curators”.
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5.4 Experimental Process Logs and Qualitative Feedback

The experimental diary records the psychological changes of the participants. Group A designers showed obvious drawing
fatigue in the final stage of the experiment, while Group B designers said that their role was more like a “symphony guide”,
which organized the evolution of the project by adjusting tips and parameters.

A participant commented: “ALEF framework has freed me from the trouble of repeated modeling and enabled me to put
more cognitive energy into design thinking. This qualitative feedback, combined with the quantitative data in Section 5.2,
forms a solid foundation for the core argument of this paper: ALEF framework is not only an efficiency tool, but also a
key driving force to promote the paradigm shift of architectural design from “manual production” to “intelligent planning”.

6. DISCUSSION: DESIGN PARADIGM AND ETHICAL RECONSTRUCTION

Because the ALEF framework shows great technical advantages in the experiment, the extensive use of artificial
intelligence generated content (AIGC) has promoted the construction industry to think about traditional design concepts
and basic moral rules 4, This part will discuss the hidden sociological influence behind technological improvement. We
will focus on the transformation of the role of designers, the cultural risks in the algorithm, and the ways of sustainable
development of the industry.

6.1 Transformation of the Designer’s Role: From Creator to Curator

After AIGC participated in the design workflow, the most profound change was to redefine the identity of the designer. In
the traditional “pre-Al” era, architects are “main creators” and spend most of their energy on complex geometric modeling
and physical drawing of architectural drawings. However, experimental data from the ALEF framework show that when
Al supports most low-logic repetitive tasks, the role of designers will change as follows:

From “Draftsman” to “Curator”: The focus of designers’ work has changed from “how to draw” to “how to choose”. Just
as a curator chooses a theme from a work, architects must now sort hundreds or thousands of variants generated by Al to
find the best project and adjust the height of tips and algorithms.

Algorithm adjuster and system architect: In ALEF workflow, designers no longer directly manipulate pixels. Instead, they
manipulate “restrictions”. By adjusting the parameters & and ﬂ of the aforementioned penalty function, designers
actually set aesthetic and security restrictions for Al.

The ultimate guardian of emotion and culture: Experiments show that artificial intelligence has inherent weaknesses in
perception problems, such as gene loci (local spirit). This forces designers to return to the essence of architecture and
devote more energy to social care, humanistic metaphor and in-depth decision-making of man-machine cooperation.

6.2 Intellectual Property, Data Bias, and Localization Strategies

The great convenience provided by the generative model also brings complex ethical problems, especially in the globalized
world, which may lead to the loss of cultural sovereignty, leading to:

Gray area of intellectual property: When artificial intelligence creates blueprints based on training data such as the style
of Zaha Hadid Architects (ZHA), copyright restrictions become very vague. There are no clear rules in the industry to tell
who owns what Al creates, which may reduce the desire to make original designs.

Algorithm deviation and cultural homogenization: Because the main models (such as Midjourney and stable diffusion) are
mainly driven by data from western aesthetic systems, Al often shows great “cultural deviation” when generating buildings
for non-western places. Without the intervention of the training set, the overall architectural style may become monotonous
“Al universalism”.

Localization mitigation strategy: This study suggests creating privatization data sets specifically for specific regions.
Integrating LORAS with local architecture language into ALEF framework can effectively correct the cultural deviation
of artificial intelligence. For example, in the hypothetical project of Shanghai West Coast Cultural Center, by adding the
topological logic of water towns in the south of the Yangtze River to the training data, the charts generated by Al retain
the parametric aesthetics and also represent the regional cultural heritage.
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6.3 Industry Impact and Sustainable Development Pathways

The efficient integration mode of ALEF framework will have the following long-term impact on the organizational
structure of the construction industry:

Organizational structure upgrade: By using artificial intelligence optimization tools, the entry-level positions responsible
for basic drawing and proofreading of traditional large-scale design offices may be replaced by algorithms. This forces
small and medium-sized organizations to master complete workflow integration tools such as ALEF to achieve the same
productivity as large organizations.

Democratization of sustainable design: The built-in real-time feedback mechanism in ALEF framework (such as UES5 real-
time lighting analysis and penalty function constraint) can realize high-precision energy simulation in the conceptual
design stage. This “performance front-end” design mode can significantly reduce the loss of energy efficiency in the whole
life cycle of buildings, which is in line with the global green building trend.

Moral red line and return to humanism: the future industry standard must define the scope of AIGC by establishing “moral
red line”. Although artificial intelligence can optimize the basement plan or generate the texture of the exterior wall,
decisions with great social responsibility, such as allocating public space and paying attention to vulnerable groups, must
be firmly in the hands of human designers.

7. CONCLUSION AND OUTLOOK
7.1 Research Summary and Contributions

Through in-depth analysis of the application status of generative Al in architectural design, this paper puts forward ALEF
(Low Error Architecture Framework), which is a low error integration framework suitable for the whole workflow. The
construction of this framework specifically solves the main problems that have puzzled architects for a long time, such as
“image information gap” and “geometric illusion”. This provides theoretical support and technical approach for AIGC
from visual art to engineering practice.

The main contribution of this research can be summarized as three aspects:

Theoretical dimension: establishing a new paradigm of conscious generation of physics. This study overcomes the
limitations of previous AIGC methods, which only focus on the quality of generated vision. By constructing a nonlinear
penalty function model based on structural mechanics, it successfully introduces physical constraints such as gravity
sensitivity, range limitation and stress ratio into the generation model. This theoretical model ensures that the design
concept has basic structural consistency in the concept explosion stage, and lays the foundation for the rational design
concept of front-end engineering.

Technical level: form a complete and cross-platform data cycle. This research develops and integrates a technical chain,
from text context to geometric reconstruction to semantic injection. It realizes a complete data flow from text to image
(intention generation), from text to BIM (information modeling) and finally to VR collaboration (immersive verification).
The deep pairing across multiple platforms (including Rhinoceros 3D, Revit and Unreal Engine 5) eliminates the data
degradation and precision loss usually caused by multi-software collaboration in traditional design.

Practical size: achieve a measurable win-win situation in terms of efficiency and accuracy. Through the comparative
experiments and verification of practical workflows such as ZHA and XKool, the ALEF framework has proved its strong
feasibility in industrial scenes. The framework can reduce serious structural logic errors by more than 60% while
maintaining the iterative speed of dozens of times, which provides operational empirical evidence for the digital
transformation of the construction industry.

7.2 Future Research Directions and Ethical Red Lines

Although the ALEF framework has achieved great success in improving design efficiency and controlling geometric errors,
there are still many things to be explored in view of the complexity and sociality of the framework:

Evolution of comprehensive algorithm under multi-objective synergy: future research should try to expand the penalty
function from a single structural mechanics dimension to a complete life cycle dimension. This includes adding measures,
such as calculating the carbon footprint of materials, evaluating the real-time energy consumption of buildings, and
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budgeting costs throughout the life cycle. This will enable Al to produce the best sustainability model and form at the same
time.

Deep semantic association and high-precision component reorganization: At present, semantic injection mainly focuses
on large-scale components. Future research needs to further study the ability of artificial intelligence to automatically
identify and accurately reassemble complex structural nodes (such as free-form wall connectors and structural details). By
introducing a higher-dimensional knowledge map, we can realize a profound transformation from “macro-morphological
generation” to “micro-structural details”.

Establish industry ethics red line and transparency supervision: With the increasing involvement of artificial intelligence,
it is very important to protect the way the industry is created. This will force us to say how much Al has helped and where
the data comes from. This can prevent the algorithm from destroying the culture of local buildings.

This study is convinced that artificial intelligence should not replace the architect, but help him do better. By constantly
improving the ALEF framework, architectural design will be able to bid farewell to mechanical modeling. It will return to
people-centered creation, rooted in physical reality and around culture.
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