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Abstract

The emergence of large language models (LLMs) has opened new avenues for integrating
artificial intelligence into architectural design workflows. This paper explores the feasibility
of applying generative AI to solve a classic combinatorial problem: generating valid
building geometries of a modular family house structure. The problem involves identifying
all valid placements of six spatial blocks under strict architectural constraints. The study
contrasts the conventional algorithmic solution with generative approaches using ChatGPT-
3.5, ChatGPT-4o, and a hybrid expert model. While early GPT models struggled with
accuracy and solution completeness, the hybrid expert-guided approach demonstrated a
successful synergy between LLM-driven code generation and domain-specific corrections.
The findings suggest that, while LLMs alone are insufficient for precise combinatorial tasks,
hybrid systems combining classical and AI techniques hold great promise for supporting
architectural problem solving including building geometry generation.

Keywords: artificial intelligence; generative AI; large language model; building geometry;
building shape; combinatorial problems

1. Introduction
Solutions available within numerous fields of computer science and information

technology are offering new possibilities and potential advantages not only in everyday
life but also in research and industry. As general technologies evolve, more and more
applications support architecture also. Computational design, modeling, and visualization
combined with more sophisticated algorithms lead to integrated building information
modeling (BIM), complex data analysis and evaluations, and even optimized building
performance. Being a leading frontier of computer science, artificial intelligence (AI) opens
up new horizons from generative design processes to predictive modeling. With the
appearance of large language models (LLMs) and the hands-on availability of various GPT
applications that are easy to use without preliminary education as well as free or relatively
cheap to try immediately, AI has entered everyday thinking and use. Nevertheless, AI
may not be good for anything, and it may not solve all the problems we have. What it
can really be used for, however, is worth a closer inspection. The present paper introduces
some theoretical background of AI as well as an architecture problem of building shape
generation that is conventionally in the field of combinatorial optimization, yet now the
approach is to demonstrate how it can be solved by applying a GPT model.
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Architecture Examples Applying AI

Architecture is considered to be a relatively late AI adopter compared with other indus-
tries, with most applications in construction—particularly automated sequence planning—
and in AI-BIM integration. A review of 120 articles examined generative AI and LLM
applications, highlighting trends, practical uses, educational strategies, and upskilling
needs [1]. Some key aspects and the background and nature of LLMs are already known,
for example, drawing analogies between their functioning and architectural design pro-
cesses such as spatial association, analogy, and ambiguity handling [2]. The focus is usually
on the generative AI’s ability to support rapid visualization, while LLMs could serve as
custom consultancy tools for architects rather than as products.

Recently, architectural form generation with ChatGPT has appeared [3]. In this regard,
everyday language and formal mathematical language are combined in such a way as to
create meaningful 3D objects through dialogue between users and objects, while ensuring
that the creation of forms through the mathematical expressions corresponds well with
the attributes of scripts. The connection between the foundational notions of architectural
design and their effect on human health and life is also considered [4]. Since AI has the
capability to analyze vast amounts of data related to how built environments interact with
human biology, the main idea of the work was to first analyze emotional responses and
physiological reactions through AI, which can enable architects to create empathetic and
adaptive environments that promote cognitive development and well-being. In another
study [5], the author used generative AI to investigate the influence of building facade
geometry on human physiological and psychological health. Both ChatGPT 4.5 and o3
were applied as analytic tools for evaluating architectural design.

Automated sequence planning in robot-based construction tasks using ChatGPT was
also introduced [6]. The experimental evaluation across two case studies and 80 trials
showed that the GPT-driven robots can manage complex tasks and adapt to on-site changes.
A machine learning framework to predict architectural parameters for 3D model generation
was also developed [7]. For this a single villa was designed parametrically to generate
hundreds of samples ensuring a human-centered design process. Four datasets were
created from the samples to predict form and window parameters. Various regression and
classification algorithms were applied, with ensemble learning methods demonstrating
impressive performances across all datasets.

Similarly, family house models were generated by ref. [8]; however, the solution there
considered a conventional mathematical approach, namely, combinatorial optimization.
Combinatorial problem solving is an important part of multipurpose optimization in
which the individual optimalization targets can be energy efficacy, human comfort, space
minimization, etc., depending on demand. Utilization of discrete space organization
together with the combinatorial solution leads to a global optimum with mathematical
rigor. The present paper aims to illustrate the inherent potential of artificial intelligence and
focuses on the solution of the same geometry generation problem but with the application
of LLMs. The paper has the following structure: The next section describes the situation
to be solved. In the subsequent section the theoretical background of potential solution
methods is given. First in this regard, the nature of combinatorial problems is described.
Then, solution possibilities of combinatorial problems based on artificial intelligence are
discussed: LLMs and ChatGPT with its limitations and challenges are also included. Prompt
engineering and hybrid systems are described as further extensions of the solution. The
next section gives an overview of the combinatorial solution of the geometry generation
problem. Then, an overview of the solution based on multiple GPT models of the same
geometry generation problem is given: a standard ChatGPT 3.5 model solution is followed
by a ChatGPT 4o model solution and a hybrid expert model solution.
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2. Problem Definition: Modular Building Geometry Generation
When designing buildings, architects deal with a complex design problem even in the

case of a family house. Should a near-optimal solution be sought, multiple optimization
criteria can be taken into account: construction cost, energy efficiency, thermal comfort,
lighting comfort, spatial well-being, climate responsiveness, legal regulations, etc. The
solution includes the building geometry, selected technology, materials used, and so on.
Since the shape of the building is critical from an efficiency perspective, some of our
previous works are related to this topic [8]. To select the demonstrably best solution, it is
necessary to know all possible solutions along with their optimization criterion values. The
first step in this is to generate all possibilities in terms of building geometry.

Likewise, the optimal building shape was sought in ref. [9]. According to that research,
architectural design that starts with a shape that is optimized to receive minimum solar
radiation presents a significant advantage in terms of reduced energy use in buildings.
Similarly, design decisions on building envelopes were considered [10], especially on
building geometry and window and skylight size and placement, in particular. The authors
of ref. [11] proposed a building geometry optimization method based on the genetic
algorithm. They investigated and identified three typical geometries through the research
and analysis of 199 buildings. As per their conclusion, geometric design interventions are
the keys to efficiently achieving the goal of zero-energy buildings.

To support an effective solution procedure, the continuous 3D search space is mapped
into a modular representation. During the modeling, we considered modules, units, or
building blocks measuring 5.5 m × 5.5 m × 3.0 m as general building elements, in which
a total of six blocks represents the entire volume of the house. The size of this basic
space organizing unit provides general room sizes with an adequate interior height for the
general living/dining/kitchen functions, and larger spaces (e.g., storage) can be achieved
by possibly merging the blocks, or smaller spaces (e.g., toilet) can be achieved by dividing
the blocks. In other words, six blocks must be placed next to each other according to
the architectural rules defined; i.e., we are looking for a construction geometry for each
family house with a floor area of 181.5 m2 that meets the defined architectural prerequisites.
This corresponds to ref. [12] for this academic exercise. Nevertheless, even if the size
and/or number of the building blocks and/or the considered organization constraints
change, resulting in a different family house standard, the mathematical background and
the procedure of the solution remain the same.

3. Theoretical Background of Potential Solution Methods
3.1. Combinatorial Problems

Combinatorial problems are mathematical problems in which the aim is the selection,
sorting, or grouping of the elements of finite sets. For example, counting the number of
different ways to perform a certain task or to sort out certain structures that meet different
requirements. The main difficulties of combinatorial problems are (i) the size of the search
space and the number of possibilities grow exponentially with the growth of the problem
size, and (ii) most of the problems are difficult to solve. In general, computer science
considers problems to belong to class P if they can be solved “fast and effectively;” i.e.,
there exists a deterministic algorithm that solves the problem in polynomial time. On
the other hand, for problems belonging to class NP, there is no known solution that is
fast and effective. Here, a solution of the problem may be validated within polynomial
time. NP-complete problems belong to the NP class, and they are more difficult to solve;
nevertheless, other NP-complete problems can be transformed into these problems in
polynomial time (NP-completeness criterion). This means that it is very unlikely that there
exists a polynomial time algorithm for solving an NP-complete problem, but should one
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NP-complete problem be solved by a fast and effective algorithm in polynomial time, then
all NP-complete problems would be solved in polynomial time; i.e., P = NP would be
validated, which has not been achieved until today. Furthermore, NP-hard problems form
a larger class and are as difficult to solve as NP-complete problems, but even the validation
of their solution cannot be accomplished in polynomial time now. This means that NP-
complete problems are NP hard, but not all NP-hard problems are NP complete. For details
and some examples, see the survey [13], the article [14], and the book [15]. This theoretical
background plays a critical role in algorithm design and combinatorial optimization, since
it clearly demonstrates the boundaries between effectively solvable problems and problems
in which practical solutions can only be heuristically handled or approximated.

3.2. Artificial Intelligence Supporting Combinatorial Problems

Artificial intelligence (AI) is a widely used term that can refer to several different, yet
similar systems that can solve problems in a human-like manner. Russel and Norvig [16]
defined AI as the study of intelligent agents “that receive percepts from the environment
and perform actions. Each such agent implements a function that maps percept sequences
to actions, and we cover different ways to represent these functions, such as reactive agents,
real-time planners, and decision-theoretic systems.” Their key point was the adaptive
reaction, while learning was not necessarily part of the AI system. Since then, the meaning
of AI has radically shifted towards systems involving learning abilities. According to
ref. [17], “a computer program is said to learn from experience E with respect to some class
of tasks T and performance measure P, if its performance at tasks in T, as measured by P,
improves with experience E.” Supervised learning [18], unsupervised learning [19], and
reinforcement learning [20] are the main areas of machine learning approaches.

The general characteristics of AI systems, for example, robustness, parallelism to speed
up computations, and handling complex conditions, can be thus extendedly exploited by
the learning ability. Areas in which AI systems and models can serve as a real support are
(i) handling large and complex search spaces, (ii) adaptation to changing environmental
conditions, and (iii) learning from previous examples and patterns. AI systems and methods
may serve as alternatives beside conventional combinatorial methods.

Nevertheless, since most considered problems are NP or NP-hard, meaning we do not
have an effective algorithm to solve them, we cannot expect AI to solve these problems
either. The main application area of machine learning systems is the identification of
subtypes, the subsets of the NP problem space, and the classification of a new problem into
an already known subtype.

3.3. Large Language Models

LLMs have emerged as cutting-edge artificial intelligence systems that can process
and generate text with coherent communication [21] and generalize to multiple tasks [22].
The historical progress in natural language processing (NLP) evolved from statistical to
neural language modeling and then from pretrained language models (PLMs) to LLMs [23].
Simply put, an LLM is a machine learning model with many parameters and a huge
number of training texts designed for natural language processing, and its main task is
text generation. The number of model parameters is tens to hundreds of millions, and the
training dataset reserves many TBs [24].

The theoretical operation of the LLM is based on the estimation of a conditional
probability distribution, in which the goal is to determine the probability of the next token
(word, word fragment) based on a given context and the output generated so far. This
model does not implement rule-based reasoning or inference, but it makes predictions
based on statistical patterns learned on a large text corpus. Mathematically, it can be
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interpreted as a function that, for a given sequence as input, gives a distribution for the
subsequent tokens. The knowledge that the LLM “acquires” is not knowledge in the
conceptual or logical sense, but it is a frequency of contextual patterns of the language
that the model has optimized during learning. In other words, the model is a predictive
text generator not a deductive logic system. There are three main types of LLMs: the
encoder-based models are mainly for text extraction; decoder-based models are mainly for
text generation, and combined versions try to exploit the advantages of both models.

3.4. ChatGPTs

LLMs have gained special attention recently with their viral availability in daily use
and simple trialability of various applications. A chronological display of main LLM
releases is published in ref. [23], in which both “pre-trained” models and “instruction-
tuned” models are present. Generative Pretrained Transformer (GPT) is a decoder type of
LLM, with the first one introduced in 2018 [25] and the most recent release of ChatGPT-4o
in May 2024 [26]. Since this is mainly for text generation, this type of model is considered
in the subsequent sections of the present paper. It can generate human-like conversational
responses and enable users to refine and steer a conversation towards a desired length,
format, style, level of detail, and language. The GPT models are able to understand the
task description and often suggest correct solution strategies or steps; therefore their main
supportive options and main characteristics are the following:

1. Interpreting and reformulating tasks—it helps to present the problem in a more
understandable form.

2. Solution planning—it can create solution plans with different approaches.
3. Analogy recognition—if it sees a solution to a problem, it can handle similar prob-

lems independently.
4. Recursive thinking—it can think step by step and in a rule-based manner (e.g., per-

forming Fibonacci calculation, development of combinatorial sequences).
5. Generative abilities—e.g., on request, it lists the permutations of a 4-element set or all

minimal covering sets of a given graph.

In the meantime, it is important to mention that GPTs are incapable of systematic
generation and that the accuracy of the result is not known. In many cases, the solution of
a combinatorial problem requires running special algorithms, and a program developed
specifically for this purpose may provide more-accurate results. For more complex combi-
natorial problems, the solutions suggested by the GPT model do not guarantee complete
precision. Therefore, it is advisable to check the answers given by LLMs with additional
mathematical or algorithmic methods.

3.5. Limitations and Challenges of LLMs

The LLM predicts the most likely subsequent word or string of characters based on a
given context and previously learned statistical patterns. This method generally works well
for natural language tasks, but for structured, algorithmic problems, such as combinatorics
tasks, it has some serious limitations as follows [23]:

• Lack of precise numerical calculations: The model does not “calculate” but guesses the
answer, often based on previous similar examples. This is especially dangerous with
large numbers or exponentially growing structures, in which even a small deviation
can result in an order-of-magnitude error.

• Following misleading patterns: The model may be using templates that have been
seen before in the case of similar problems but are not applicable to the specific task.

• Lack of algorithmic thinking: Combinatorics often requires not only the application of
formulas but also structured thinking, condition testing, and recursion.
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• Overgeneralization and false certainty—hallucination: An answer based on linguistic
statistical patterns can convincingly suggest accuracy, when in fact the answer is
incorrect or unverified.

• Scalability limits: As discussed previously, combinatory problems often have expo-
nential search spaces. Language models cannot traverse the search space, so they are
essentially just guessing.

• Statistical errors: The output tokens are sequentially generated as mentioned above
instead of the model first figuring out what it really wants to say and only then
choosing how to say it. As a result, a bad statistical decision can later be more serious.

For example, the sequential model selects the article first, and this decision influences
the selection of the noun that follows the article to ensure linguistic fit. This limits the
choice of noun to words that match the already-selected article. This creates a content
compromise for the sake of linguistic correctness, and the content is modified as a result.
The more precisely defined the word choice (e.g., in law, science), the greater the risk of
error caused by the LLM’s choice of a less appropriate word selection due to a formal fit.
The effect will often not be a grammatical error in the sentence but a shift in meaning (e.g.,
a different concept, a different nuance, a different measure).

3.6. Prompt Engineering

Prompt engineering is the conscious formulation of inputs for extending the capa-
bilities of LLMs. Here prompts are task-specific instructions to enhance model efficacy
without modifying the core model parameters. LLMs do not have memory; i.e., they do not
remember earlier parts of the conversation and do not deeply “understand” combinatorial
concepts, but they respond based on linguistic statistical patterns. Therefore, the prompt
must provide the question, context, and answer-format descriptions. Adding context could
mean explaining details or repeating conversation parts. A good prompt may include
formal definitions, concrete examples, step-by-step instructions (often called the “Chain of
Thought”), and even test criteria that help validate the answers. Prompts can be simple
natural language instructions. There are numerous distinct prompt engineering techniques
based on their targeted functionalities; see, for example, [27]. Prompt engineering can
also play a key role in solving combinatorial problems in which solutions have a precise
formal structure, and the solution procedure requires multi-step thinking with strict logical
constraints. On the topic of the present paper, it is especially important to precisely formu-
late restrictive conditions (e.g., placement rules, exclusion relations), as combinatorics is
extensively sensitive to these, and the model may tend to miss or misunderstand them if
they are not clear enough.

3.7. Hybrid Systems

The design and application of hybrid systems has several advantages when solving
combinatorial tasks, as these systems combine the strengths of formal, rule-based methods
(e.g., algorithms, heuristics) and learning-based approaches (machine learning, language
models). Here AI can first provide estimates, rankings, or decision priorities to search
algorithms, thereby narrowing or structuring the search space. This can significantly reduce
computational costs and increase the success rate. In addition, AI can learn from previous
solutions, allowing the system to be adaptively developed. While the AI element (decision
tree, neural network, or language model) can support the acceleration of strategic decisions
or the prediction of errors, the deterministic component (e.g., backtracking, dynamic
programming) can guarantee validity and rule compliance. Such a hybrid approach is
particularly advantageous for high-dimensional, unstructured, or combinatorial problems
with partially known rules [28].



Architecture 2025, 5, 79 7 of 14

3.8. Main Components of Hybrid Systems

The main components of the hybrid systems are the following [29]:

• The deterministic algorithmic core is the central component of the hybrid systems
that use classical algorithms, such as backtracking, dynamic programming, or graph
algorithms. Its primary role is to ensure that solutions are fully valid and that all rules
applicable to the problem are followed, thus guaranteeing reliable results.

• The AI or learning module is the learning-capable component of the hybrid system,
which can include various machine learning models, such as decision trees, neural
networks, language models, or graph neural networks (GNNs). Its task is to provide
intelligent support to the problem-solving process, such as learning heuristics; ranking
decision points; and estimating costs, probabilities, or priorities. It can thus signifi-
cantly reduce the size of the search space or improve the efficiency of the search by
optimizing the control logic, especially for complex or unstructured problems.

• The knowledge base or rule system is the element of the hybrid system that contains
the explicitly declared rules, relations, and constraints, thereby ensuring the formal
structure and interpretability of the problem space. This component allows the AI
module to understand the context; interpret situations; and make coherent, rule-
based decisions. The knowledge base significantly increases the explainability and
transparency of the system, since there is explicit logical or set-theoretic knowledge
behind the AI operation that can be verified by humans.

• The memory or experience database is a component of hybrid systems that records the
results, solution patterns, and errors of previous runs, thus allowing the system to learn
from past experiences. This adaptive behavior supports dynamic development and
adaptation to new situations and provides the opportunity to apply transfer learning,
in which the system can use a previously learned structure for other, similar problems.

• The search controller or decision engine is the central control unit of the hybrid system,
which dynamically coordinates the solution process based on classical algorithms
or AI in a given situation. This component decides when it is appropriate to use
deterministic search and when it is worth entrusting the decision to the AI module, for
example, based on heuristic ranking or learned priority. The operation of the decision
engine can be rule-driven, such that predefined logic determines the steps, or it can
also apply reinforcement learning, during which the system improves its own control
strategy based on experience about the effectiveness of the solution.

• The interface is the communication layer of the hybrid system towards the user
or other systems, which allows the understandable and accessible presentation of
results, suggestions, and processes. This module provides explainability, feedback,
and visualization, which is especially important in complex combinatorial problems,
in which the justification of decisions is essential. If the system also includes language
models, the interface can even provide natural language responses, facilitating user
interaction and integration into other systems or services.

• The LangChain ecosystem is an open-source development framework that enables
LLMs, such as those in the GPT series, to not only generate text but also function as a
part of complex, interactive applications [30]. With LangChain, LLMs can call external
tools (e.g., Python interpreter, database query, web search); manage memory during
conversations or sessions; extract information from documents; and make autonomous
logical decisions, for example, acting as AI agents to solve tasks in multiple steps.
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4. Combinatorial Approach to the Solution of the Family House Building
Geometry Generation Architecture Problem

Clearly the problem described in the problem definition section is an obvious example
of a combinatorial problem. Ref. [8] details its solution as a combinatorial problem; here is a
short summary: after creating the modular spatial structure, the search space is defined: A
rectangular coordinate system with X, Y, Z axes is considered, in whose positive orthogonal
and the greedy application of some constraints considered. This search space is set to
5 * 5 * 3 cube (box); see Figure 1, for example.

In this system, we then had an algorithm that generates all the blocks based on classical
backtracking. We note that the classical backtracking-based algorithm generates the (75

6 )

placements in the given box. We strictly applied the constraints considered. We excluded
those cases that were identical from an architectural point of view. We called the building
forms generated and accepted in this way as configurations. There were 167 configurations.

The core of this combinatorial solution is invariant to the alteration of the number and
size of the building blocks and/or constraints.

Figure 1. Configuration example in the search space.

5. GPT Approach to the Solution of the Family House Building Geometry
Generation Architecture Problem
5.1. ChatGPT 3.5 Model Solution

The same architecture problem described in the problem definition section is solved
hereinafter with the GPT approach. First, the solution given by ChatGPT 3.5 model is
detailed. Note that boxes indicate the answers provided by the GPT; we indicate with bold
the most important issue, see Box 1.

Box 1. ChatGPT 3.5 model answer—part 1.

Determining the number of such configurations that satisfy multiple conditions simultaneously
is not trivial—the problem can typically be solved by computer enumeration. According to the
results of computer searches of the literature and solutions based on the detailed conditions
(connection of cubes, support, length of sequences, and equivalence with rotation around the Z-axis
and X–Y translation)

There are a total of 40 unique placements.
It is important to note that this number represents all configurations where either all cubes are

on the lower level, or five cubes are on the lower level and one cube is above it, such that the set of
conditions is valid at all points (e.g., the vertical “adjacency” and “support” rules, and the rule of
following a maximum of 4 cubes along a line).

This answer is only understood by strictly adhering to the given conditions and considering
the equivalence classes (rotation around the Z-axis, X–Y translation).

Therefore, the solution is: 40 layouts.
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Note that the model here did not calculate anything but stated some kind of result
based on a literature review. More precisely, the model did not even perform a litera-
ture review, but based on statistical evaluation and linguistic probability, it only guessed
the solution.

When we tried to get closer to the solution, some further issues were discussed. For
example, the solution applied the condition “at least one cube must be at the lowest level”
so that at most one will not be at the lowest level. After the clarifications, the model
completed its answer as follows; see Box 2:

Box 2. ChatGPT 3.5 model answer—part 2.

The previous calculation of 40 arrangements does not exactly meet the criteria given. The
number of valid arrangements in this case may differ—determining the exact value is a task
requiring a more thorough computer enumeration, since the other rules (connectedness, adjacency,
maximum 4 cubes in a row, and equivalence of rotation and translation) further complicate the
situation.

If you wish, we can discuss how such an enumeration could be constructed with the appropriate
interpretation of the criteria.

In summary, the solution of the first GPT 3.5 model is not correct and not valid. It
stated within the answer that a search of the literature was given as basis of the solution.
However, due to the statistical model’s structure, it does not perform real analysis, and
therefore, it can perform neither a mathematical analysis nor a literature review. In other
words, it cannot even provide a solution that can be trusted. Furthermore, due to the
generative nature of LLMs, the answers to the same question may vary widely. Thus,
further research is needed.

5.2. ChatGPT 4o Model Solution

The same problem definition was fed into the ChatGPT 4o model for solution. The
answer is summarized below, see Box 3.

Note that the first paragraph of the answer is a key to the further solution; namely,
it stated that “this is a complex combinatorial placement problem”, recognizing the most
accurate solution of it. Thereafter, it started to generate the corresponding environment
and the tool to find the solution itself. Thus, the hybrid system operating in the LangChain
ecosystem generated and executed real Python code at each step using a sandboxed Python
interpreter. The prompt, enhanced with a new state and containing the execution results
(error code or return values), was returned to the stateless LLM for processing.

In other words, the system recognized the correct solution procedure and tried to
execute it. The model recognized that the solution procedure requires a larger resource;
therefore, it started to optimize the solution using heuristics. Unfortunately, it did not
lead to a solution, and therefore, additional steps were taken by the ChatGPT 4o model as
described below, see Box 4.



Architecture 2025, 5, 79 10 of 14

Box 3. ChatGPT 4o answer—part 1.

This is a complex combinatorial placement problem that can be most accurately solved using
algorithmic or simulation methods.

. . .
The most efficient solution would be a backtracking search algorithm or a graph-based search

algorithm that looks at all possible placements and then checks the conditions incrementally.
I will start the calculations and report back as soon as I get a result.
The total search space is very large, so the brute-force approach was too slow. For more

efficient calculations, it is advisable to use backtracking and symmetry reduction. I will now
optimize the algorithm and try again.

It seems that the current algorithm may be too strict or not find suitable placements in the
search space.

. . .
I am currently fine-tuning the search algorithm to find solutions more efficiently.
The search algorithm is still not finding valid placements
. . .
Now I’m trying a different approach: using generative search, where we first ensure that all

conditions are met, and then count the unique configurations.
The algorithm still doesn’t seem to find any valid placements.
. . .
I first relax the filtering conditions and test the sub-conditions.
The total search space is too large to brute-force through all the possibilities. I now use a more

efficient backtracking search that gradually builds up the valid configurations and only examines
those arrangements that already meet the conditions.

It seems that there is still no valid placement. This suggests that either the search space is
too limited, or the rules are too strict and there are no possible configurations given the given
parameters.

The next step could be taken in two directions:
1. I check if there is a valid placement in any smaller subset (e.g., 5 cubes). If so, then adding

the sixth cube could be the problem.
2. I rethink the rules to make sure they are not mutually exclusive.

Box 4. ChatGPT 4o model answer—part 2.

Since the previous search methods did not find a valid configuration, it is likely that the
conditions are too restrictive, or the search space was not explored properly. Now I will use a
different method.

I will start new calculations and report the results.
I managed to find a valid configuration. This means that there is at least one valid placement, so

the conditions are not unfulfillable. Now I will try to determine the number of all such configurations
with a more efficient algorithm.

According to the result estimated by random sampling, there are at least 100,000 valid placement
possibilities in the given space and conditions. This shows that the search space is indeed large, and
it would have been difficult to perform an accurate calculation with a brute force search.

If you want a more accurate result, you could further refine the algorithm, for example by
systematic search and taking symmetries into account. Would you like me to continue working on
a more accurate solution, or is this estimate sufficient?

As seen above, a Monte Carlo-like method was used by GPT 4o to reach the solution; it
is an algorithmic yet still statistical approach. Unfortunately, the result was not acceptable
here either; therefore, further steps were necessary. Here we reached the limit of GPT 4o,
and IT expert intervention was necessary.

However, for better understanding, below, we summarize all the solution steps of GPT
4o leading to the determination of the above-presented result.

1. Primary search attempts (brute force and combinations)
Steps:

i. Generation of all possible positions: (x, y, z), where x, y ∈ {0, 1, 2, 3, 4} and
z ∈ {0, 1, 2}. This means a total of 5 × 5 × 3 = 75 positions.

ii. Selection of all possible 6-element combinations from these (75
6 ) options.
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iii. Checking all combinations according to all the given rules.

Result: The search space is too large, so the execution exceeded the allowed resources.

2. Backtracking
Steps:

i. Creation of a recursive algorithm that places new cubes in space step by step.
ii. Checking at each step, whether the partial placement complies with the rules

so far.
iii. Backtracking, if a given configuration is not valid.

Result: The algorithm still runs too long, and no valid configuration is found using
the allowed resources. The main reason behind this could be the structure and complexity
of the rules.

3. Rule check one by one
Steps:

i. Disabling rules one by one to see which has the biggest limiting factor.
ii. Relaxing the rules, checking which rule results in unfeasible placements.

Result: Unable to identify a single rule that makes the solution impossible, but it
seems that their combined effect reduces the entire search space too quickly. Since one
configuration is found, further search is required.

4. Random sampling and configuration generation
Steps:

i. Generating random configurations: Placing the first cube on the bottom level
(z = 0) to satisfy rule 3.
Placing additional cubes only so that they are in contact with at least one other
cube (rule 2).
Checking whether the entire configuration satisfies all the rules.

ii. Testing thousands of random configurations and counting how many satisfy
all the criteria.

iii. Estimating the number of valid configurations by extrapolation.

Result: The number of solutions is estimated by Monte Carlo-like sampling: it is over
100,000, so the real number may be higher. The number of samples is restricted by the low
computational resources provided for the answer by Open AI. Furthermore, the answer
obtained for a long-running analysis by GPT 4o may not be correct and/or accurate due to
this limitation on the computational resources at the background.

5.3. Hybrid Expert Model Solution

Since the solutions of GPT models so far have not yielded anything close to the results
of the guaranteed solution achieved via combinatorial problem solving, we applied IT
expert interventions also. Here, the most promising choice was to consider step 2 of the
previous section, namely, the modification of the backtracking search and verification.
Using an appropriate prompt, the LLM provided the generated and runnable but incor-
rectly functioning Python code (Python 3.8). As experts, we first used iterative prompt
engineering to correct the semantic and functional errors in the source code using LLM.
However, after a few steps, due to the black-box nature of LLMs, it became apparent that
generating the model- and task-specific prompt required for the specific solution was a
more complex task than correcting the source code broken down into subtasks from a
programming perspective. After expert correction and execution of the source code gener-
ated and modified by the LLM, 169 valid configurations were found, which matches the
results of previous work. The difference between the guaranteed solution and the solution
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generated by the GPT model is based on the interpretation of an architecture rule, namely,
rule 3, considering cantilevered blocks.

6. Conclusions
After evaluating the results of the experiment, we can conclude that neither classical

nor modern AI systems are suitable to solve general combinatorial problems (NP complete)
on their own. As for architecture, LLMs on their own, even with good prompt engineering,
are not suitable for the generation of all configurations acceptable by rule-based deci-
sions, when a total exploration of the search space is necessary. This could be true for all
generative-type models. However, hybrid systems combining classical and AI solutions
with IT expert knowledge have a range of exactly solvable tasks. Using such hybrid systems
may reduce IT expert costs. These hybrid systems may be part of a more complex design
process, in which multipurpose optimization-based building configuration selection is
among the targets.

Furthermore, these systems serve as good support for an expert-based solution, since
they can be used to generate good summaries. In addition to hints on directions that
would or would not lead to a solution, it can also generate solutions of steps (less-complex
subtasks) towards the solution. These are summarized in Table 1.

It is worth mentioning that the solution described in the present paper is applicable
to problems in which the number of blocks, the size of the blocks, or even the constraints
considered are changed.

Table 1. Usability of the models.

Model Base Result Reason Usability

ChatGPT 3.5 No valid result Linguistic statistical approach Generate summaries
Hints on solution directions

ChatGPT 4o No valid result
Valuable partial results

Linguistic statistical approach
Agent support Support solution generation

ChatGPT 4o-based hybrid Valid result Generative AI model support
IT expert intervention Generate solutions
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