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ABSTRACT

In this paper, we will explore how different prompts affect the performance of LLMs
when it comes to creating spatial plans in architecture. There are four strategies used
in this study: one-shot prompting, few-shot prompting, chain-of-thought prompting,
and meta-prompting. These methods are tested by presenting the same example of
a mixed-use building, which is graded according to efficiency, complexity, accuracy,
and effort involved in each case. It has been found that all these methods can provide
a reasonably accurate output, although the quality and efficiency vary. Meta-prompting
and chain-of-thought prompting are found to be quite detailed, while one-shot
prompting is quick yet lacks detail. Few-shot and chain-of-thought prompting enable
users to control their outputs through an interactive process, but this method takes up
considerable time and effort.
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INTRODUCTION

With the fast-paced evolution of LLMs, the possibilities of their employment
in architecture have increased as well. In particular, the use of such large
language models becomes especially relevant when it comes to dealing
with the issues of spatial programming, planning, organizing and reasoning
related to the architectural practice. The development of AI’s ability to
process sophisticated inputs and provide structured outputs has created a
situation where the process of interacting with Al through prompting became
a significant determinant of the results’ quality and reliability.

As the process of prompting evolves, new approaches to instructing
the artificial intelligence on what needs to be done emerge. For instance,
prompting can vary in terms of its complexity and efficiency depending on
whether a technique like chain-of-thought prompting, meta-prompting or
even one-shot prompting is applied. Each method implies using a certain level
of structuring and cognitive guidance that affects not only the interaction’s
effectiveness, but also the quality of the output itself. Even though previous
studies have explored such techniques in relation to general-purpose Al tasks,
their analysis in an architectural spatial planning context is rather scarce.
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Such knowledge is essential for filling the gap that exists today, and to
achieve this purpose, the proposed research will consider multiple prompt
techniques within the context of the architecture. Using an example of a
complicated mixed use building, the study will focus on evaluating the effect
of various prompting procedures on the Al’s ability to process the information
provided, recognize the need for certain spaces, and offer solutions.

As part of the work, the research will create an evaluation matrix, based
on which the effectiveness, accuracy, detail, and difficulty of prompts will
be analyzed. It will become possible to identify not only the most effective
prompt technique, but also the conditions for its optimal application. Such
knowledge will make it easier to integrate artificial intelligence into architects’
daily routine.

DIFFERENT STRATEGY OF PROMPTING

Prompt is the primary input to an Al model, typically a piece of text, that
includes instructions, context, and examples to elicit a specific response.
(Giray, 2022). Prompting involves various strategic approaches. Zero-shot
prompting involves providing an Al model with a task or query without any
explicit examples in the prompt itself (Jyoti et al.,2025; Yurchak et al., 2024).
The model relies solely on its pre-trained knowledge to generate a response
(Jyoti et al., 2025; Basile, 2021) One-shot prompting is an extension of
zero-shot where a single example is provided within the prompt to guide the
model’s understanding of the task (Jyoti et al., 2025). Few-shot prompting
involves incorporating a small number of demonstration examples directly
into the prompt (Jyoti et al., 2025; Bahrami et al., 2023). These examples
help the model understand the task’s requirements and desired output format
by providing context and patterns (Bahrami et al., 2023). Instruction-based
prompting uses explicit natural language directives within the prompt
to describe the desired task, constraints, or format (Giray, 2022; Kovari,
2024; Viswanathan, 2025). Chain-of-Thought (CoT) prompting encourages
the model to generate a sequence of intermediate reasoning steps before
arriving at a final answer (Sahoo et al., 2023; Qiao et al., 2022). This
approach mimics human thought processes and makes the Al’s reasoning
explicit (Qiao et al., 2022). Prompt chaining involves decomposing a
complex task into a series of smaller, sequential subtasks, each addressed by
a separate prompt that builds upon the output of the previous one (Wu et
al.,2021; Viswanathan, 2025). Meta-prompting is a sophisticated paradigm
where LLMs are prompted to recursively generate and refine prompts
themselves, often grounded in formal theories like type and category theory
(Zhang et al., 2023; Wynter et al., 2023). This allows the Al to develop
better prompts for a given task (Zhang et al., 2023; Ye et al., 2023). Role-
play prompting instructs the Al to assume a specific persona, character,
or role to influence its responses and reasoning (Brown et al., 2024;
Saputra et al., 2024; Mzwri & Turcsanyi-Szabo, 2024).
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Figure 1: Picture of Kalkbreite, Ziirich (Google maps satellite view, 2005).

Methodology

In this research work, the comparative experiment method will be used in
evaluating the effect that different types of prompts have on the functioning
of LLMs within the framework of architectural space planning activities.
The case study will be a single one called Kalkbreite in Ziirich, which has
been chosen because of its complex program and combination of residential,
commercial, and public purposes.

The methodology begins with the identification and selection of four
distinct prompting strategies: one-shot prompting, few-shot prompting,
chain-of-thought prompting, and meta-prompting. These strategies represent
varying levels of instructional depth and cognitive guidance provided to the
Al model.

Experimental procedure consists of a well-planned process with an
iterative cycle for each task. The process involves designing prompts using
the selected strategy and presenting them to the LLM. After evaluating their
outputs, where needed, they iteratively adjust the prompts until generating a
usable plan. All of the processes and steps taken during the experiment are
systematically recorded.

In order to facilitate a comparative analysis, the effectiveness of each
approach is determined through the use of a multiple-criteria grading system.
The grading system has been designed to evaluate efficiency, accuracy, and
reliability through objective criteria.

Efficiency is evaluated using three measurable indicators: (1) the number
of words per prompt, (2) the number of iterations required to reach a usable
output, and (3) the length of reasoning reflected in the response. Each
indicator is scored on a scaled system from 1 to 5, where lower resource
consumption and fewer iterations correspond to higher scores. For example,
prompts requiring fewer words and iterations receive higher efficiency scores,
while excessively long or repetitive prompting processes receive lower scores.

Accuracy and design relevance are assessed qualitatively but translated
into numerical values using a standardized rubric. Outputs are evaluated
based on program coherence, spatial logic, and consistency with both the
documented characteristics of the case study and established mixed-use
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design principles. Each of these criteria is also scored on a 1 to 5 scale, where
a score of § indicates a highly coherent and realistic spatial proposal, and a
score of 1 indicates significant conceptual or organizational flaws.

To address the presence of misinformation or unrealistic outputs, a
penalty-based reliability assessment is incorporated into the grading system.
Outputs are reviewed for major factual inaccuracies, spatial inconsistencies,
or non-viable design suggestions. When such issues are identified, negative
points (-1 to -3) are assigned depending on the severity of the error. Minor
inconsistencies result in small deductions, while critical misunderstandings
of spatial logic or program result in larger penalties.

This final score will be calculated using a sum of efficiency and accuracy
scores for each prompting technique, with reliability penalties being applied
to it when necessary. Thus, we obtain an overall score for the technique based
on its efficiency and the validity of its implementation. The grading system
prevents us from valuing a high efficiency yet low-quality result, ensuring
that only good solutions are rewarded.

The comparative analysis that follows scoring involves examining
trends, advantages, and weaknesses inherent in the prompting strategies.
The comparison will be done with regard to efficiency vs. accuracy and
applicability of each strategy to different kinds of spatial planning scenarios.
Unlike the use of complicated statistical analysis models in similar research
works, our study utilizes an easy-to-understand comparative method of
analysis.

The results of this approach include creating a decision-making model
for the determination of the best prompting techniques for different
architectural projects. The creation of a formalized grading system helps
ensure transparency and replicability in the studies involving architectural
Al in the future.

Introducing the Building

The building is a large, multi-level structure organized over eight floors
(including a basement) with a total area of 23,575 m2, suggesting a complex
institutional or mixed-use function. Its massing expands at the base and
gradually tapers upward, creating a grounded, monumental lower level
and lighter, more articulated upper floors. The ground floor, the largest,
functions as the main public platform and contains a prominent triple-height
space that extends into the first and second floors, reducing their footprint.
Circulation is defined by a dual-access system: a primary entrance at ground
level leading into a large atrium, and a secondary via an external stair to a
third-floor courtyard. This courtyard acts as a key transitional and social
space, linking vertically to upper levels. Overall, the building establishes a
clear spatial hierarchy, with open, functions at the base and more private
or specialized areas above, creating a dynamic sequence of movement and
spatial experience.

The introduction of the building to the Al for creating the description
of it is presented in this section. To make sure that the input was framed
consistently, the prompt that was used for the purpose was created using a
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different AT agent. With this kind of approach, it becomes possible to achieve
neutrality regarding the creation of the input, thus eliminating potential
biases that may appear in the course of research carried out by a person. The
amount and kind of information about the building were consistent across all
the types of prompting. Still, while one-shot and few-shot prompting resulted
in a representation of the building similar to how human beings would
describe it, the meta-prompting approach produced a slightly modified input
based on human description but created in a specific style to maximize its
interpretability for the Al

Table 1: Introducing the building.

Prompt Strategy Number of Words (Input)
One-shot prompting 110 of 321 (Belong to this part)
Few-shot prompting 110

Meta-prompting 356 of 1312 (Belong to this part)
Chain-of-thought prompting 114

INTRODUCING NEEDS

In the “Introducing Needs” phase, a similar methodology to the previous
section is applied. The prompt used to define the spatial and functional
requirements of the building is generated by a separate Al agent and then
provided to the primary Al responsible for spatial planning. This ensures
a consistent and unbiased articulation of programmatic needs, including
required spaces, functional uses, and performance expectations for the
final output. As in the prior stage, the same dataset and level of detail - not
same in format- are maintained across all prompting strategies to ensure
comparability. For the one-shot and meta-prompt approaches, all relevant
information—including building description, spatial requirements, and
expected outcomes—is consolidated into a single, comprehensive prompt
provided to the Al In contrast, for the remaining strategies, this phase is
divided into two sequential prompts: the first introduces the building, and
the second specifies the spatial needs and expected results. This structured
variation allows for evaluating how the segmentation or consolidation of
input information influences the effectiveness of Al-driven spatial planning.

It is important to mention that the definition of spatial needs and
programming requirements at this stage does not involve speculation but is
based on the conditions in which the building currently exists. The definition
of spaces, their functions, and other information is based on items present in
the building itself, thus making sure that the input will be based on realistic
and contextual information only. By doing this, it is possible to limit the
involvement of any external factors that could lead to inconsistencies in the
definition of both the building and the needs. This way, the Al works with
data that is quite close to the reality of the building, and it becomes possible
to analyse the impact of different prompts on it.
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Table 2: Introducing needs.

Prompt Strategy Number of Words (Input) Number of Prompt
One-shot prompting 211 of 321 (Belong to this part) 1

Few-shot prompting 133 138 2

Meta-prompting 956 of 1312 (Belong to this part) 1
Chain-of-thought prompting 478 491 2

Discussion

The results from the different prompting techniques showed a high degree
of similarity in terms of spatial organization and the meaning that was
assigned to the buildings in question. Overall, the Al came up with similar
planning outcomes regardless of the type of prompts used. This implies that
the core dataset played a more significant role in the planning outcome than
the prompting technique. Nonetheless, the degree of comprehensiveness and
clarity in the output differed significantly from one prompting method to
another. The chain-of-thought and meta-prompting techniques provided
the most comprehensive answers to the planning tasks. The Al was able to
provide detailed explanations and articulate the reasons behind its spatial
arrangements effectively. Moreover, the few-shot and chain-of-thought
prompting methods yielded step-by-step responses between prompts. For
instance, the Al would generate a response after being prompted about
the building characteristics. Consequently, the generated output gave clear
indication of whether the Al had correctly understood the dataset used.

Table 3:Total input and output.

Prompt Strategy Total Input  Total Output  Total Prompt Number
One-shot prompting 321 633 1
Few-shot prompting 381 1164 3
Meta-prompting 1312 998 1
Chain-of-thought prompting 1082 1347 3

Furthermore, one very important thing that should be considered when
examining the efficiency of using Al in this research is the efficiency with regard
to time and effort taken in order to create the result. From the information
provided in Table 3, a certain compromise can clearly be observed regarding
the correlation between the degree of input effort and quality of output. It
can be seen that the meta-prompt and chain-of-thought techniques are much
more labor-intensive because they include either more complex instruction
or several stages of interaction. At the same time, such approach leads to
much more polished and elaborate output with higher details.

Moreover, the sequential nature of few-shot prompting and chain-of-
thought makes it possible to gain better control over the entire procedure.
Since the prompt is split into different steps, each stage can be checked
beforehand, which means higher confidence in the result. But such better
control entails more prompts, which means that the effort put in by the user
increases.
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In order to measure these differences in an objective way, it is necessary
to make a quantitative evaluation of the effectiveness of these approaches.
The definition of effectiveness used in this study implies comparing output
and input, expressed as word count. It is determined through the following
formula:

Total Output Words
Total Input Words

Efficiency =

This metric provides a standardized basis for comparing prompting
strategies, enabling a clearer assessment of how effectively each method
converts input effort into usable output.

Table 4: Efficiency.

Prompt Strategy Amount of Efficiency
One-shot prompting 1.972
Few-shot prompting 3.055
Meta-prompting 0.761

Chain-of-thought prompting 1.245

Another important parameter in assessing the results of this study is
their accuracy and level of detail. According to the analysis of the results,
all methods generated accurate results, and there were no examples of
the presence of any falsehoods or distortions. It means that the quality of
translation of the building description is consistently high and depends
on neither the specific prompting strategy applied nor the consistency of
the input data. In such a way, all the methods can be evaluated equally in
terms of accuracy, so they receive the same grade for the level of accuracy
of the results. The main difference in this case is the degree of detail of the
interpretation of the results and the explanation provided. When discussing
this particular aspect, one can see that while accuracy stays the same, chain-
of-thought and meta-prompting generate more elaborate and detailed results
than one-shot and few-shot methods do.

Table 5: Specific output.

Prompt Strategy Number of Words (Specific Output)
One-shot prompting 147
Few-shot prompting 288
Meta-prompting 384

Chain-of-thought prompting 321

As described earlier, the grading scale used to evaluate prompting strategies
uses numbers for comparison purposes. While most criteria are measured
using a range of 1 to 5 points, where the higher value represents a more
successful performance, the criterion of accuracy differs in that it uses a
negative scale, ranging from -3 to 0 points. Here, a positive number indicates
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the existence and degree of errors in the data, while 0 is used to denote
full accuracy. Since there were no notable inaccuracies among the output
responses, all prompting strategies achieve a score of 0 in terms of accuracy.
Therefore, accuracy does not help differentiate between various approaches,
but rather serves to provide a standardized benchmark for reliability. In order
to determine which prompting strategy is the best performing, the average
score obtained in all criteria for each technique was calculated.

Table 6: Grading.

Prompt Strategy Effort  Efficiency Accuracy Specific Output Final
One-shot prompting 5 3.2 0 1.9 3.36
Few-shot prompting 1.7 5 0 3.7 3.46
Meta-prompting N 1.2 0 S 3.73
Chain-of-thought prompting 1.7 2 0 4.1 2.60

*Effort is based on number of prompt that given to Al the accuracy doesn’t have any way in this
calculation and the other variable same weight in final score.

CONCLUSION

Based on the analysis of the findings from the conducted research, the
meta-prompt strategy appears to be the best option for all the proposed
strategies. The meta-prompt strategy produces the most elaborate, coherent,
and explained output without losing accuracy and reliability. Therefore, it is
the most suitable technique when performing complex tasks, such as spatial
planning. Still, the study findings suggest that there is no single strategy that
can serve all possible circumstances, and the selection of a specific strategy
depends on the particular task needs.

When prompt efficiency and speed are prioritized, but the level of output
details does not matter much, the one-shot technique becomes highly
efficient. In contrast, the few-shot and chain-of-thought strategies provide an
opportunity to regulate the process because they are based on step-by-step
operations. Thus, it is possible to control the Al’s thinking process. However,
the downside is that multiple prompts have to be produced, which takes time
and effort.

Despite being very effective in the terms of output quality, the entire
process of utilizing the chain-of-thought prompting may take a lot of time
due to the numerous interactions involved and the intellectual strain on the
part of the operator. At the same time, the use of an approach combining
several different approaches may be more productive.

To put it another way, the application of a meta-prompt to generate the first
result and its further correction or supplementation through a few iterations
of the chain-of-thought prompting would allow achieving the best results in
regard to the quality of output while also providing greater precision and
flexibility in the process.

In summary, it may be said that the most effective approach in case of
communication with Al in architecture would be that of meta-prompting,
while the fastest technique would be the one-shot prompting.
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