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Abstract
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Large language models have gained widespread use and made its way into numerous parts of
everyday life. Paramount interest is therefore on how to use these models correctly and increase
their efficiency. This has led research to the field of prompt engineering, which shows a huge
difference in accuracy depending on how the user writes their prompt. This paper investigates
three techniques from the field of prompt engineering; zero-shot, few-shot and chain-of-thought
prompting to classify construction blueprints on the multi-modal large language model chatGPT-
4. The results show that few-shot and chain-of-thought prompting perform similarly and zero-
shot substantially worse.
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1. Introduction

Is your productivity suffering because of poor chatGPT prompts? Large language models
(LLM) are a type of artificial intelligence (Al) trained on extensive datasets, allowing them to
acquire linguistic and factual knowledge which can be utilized for tasks like text
summarization, question answering etc. [4]. LLMs such as chatGPT, works by the user
writing a task description, known as a prompt, and the LLM responds with an answer to the
prompt [6]. They have gained widespread attention as they have proved useful for everything
from financial decision-making processes to clinical medicine [4][5][7]. Their use-case can

not be understated as it finds its way into more and more parts of every-day life.

Different LLMs have emerged from this, both in the scientific community and the private
sector. The quality differs between these LLMs, and different techniques are used to achieve
better performance. One common aspect across all these models however, are that they need a
prompt from the user. The prompt itself has thus proven to be a decisive factor, as different
prompts can yield a greatly different result [21][22]. This has led to a new field called prompt
engineering, which refers to developing and optimizing prompts to effectively utilize large

language models [6][8].

The aim of this paper will be to investigate whether a multi-modal LLM can be used to
confidently read and classify construction blueprints. To do this, three techniques will be

used; zero-shot prompting, few-shot prompting and chain-of-thought prompting.

1.1 Research question

This article will explain which of these techniques will prove most useful and therein answer

the following question.

RQ1: Which technique of zero-shot prompting, few-shot prompting and chain-
of-thought prompting, yields the highest accuracy when prompting Al with

constructional blueprints?



1.2 Related works

Generally, the most common approach has been to train a LLM on specified data called
finetuning, making it specialized in certain areas [22]. However, in 2020, Brown et al.
introduced a technique called few-shot prompting which proved competitive to finetuned
models on benchmarking tests [22]. This technique consisted of giving examples of the task,
which provides more context to the LLM and thus, a better answer.

Two years later, in 2022, Wei et al. came up with their technique; chain-of-thought (CoT)
prompting. This technique built on few-shot prompting and extended its use by also providing
the examples in a chain-of-thought like prompt, encouraging the model to do the same. This
state-of-the-art technique proved to outperform finetuned models and led to new research
understanding how to improve CoT further. However, as these studies investigated prompting
for LLMs, not as many studies discussed the idea of prompting multi-modal LLMs (MLLM)
[28]. At the point of writing their article in 2023, Zhang et al. writes how they believe
themselves to be the first ones to test CoT in multimodal models [28]. Since then, studies have
further developed CoT prompting for MLLMs to CCoT, DDCoT and CoCoT [29] [30] [32]
[33].



2. Background

This study was made in collaboration with the company Ida Infront. In their customers'
archives there are large amounts of building drawings that have not been classified. By
analysing these with the help of Al, the correct classification should be made with great
accuracy. If this is successful, the quality of the information in the archives will increase and
the possibility of retrieving the correct information will be easier. Beause of this, all of the

images used are construction blueprints.



3. Theory

3.1 Constructional blueprints

Constructional blueprints are a backbone for constructions all over the world, serving as a
detailed graphical exposition containing key information about the construction. The graphical
elements outline the design and usually contain different views, dimensions, elevations, and
layouts [10, pp. 82]. Blueprints serves as a communications channel among architects,
engineers, construction workers and the end client, this ensures that all occupational groups in
the construction process are on the same agreement regarding specifications and expectations
[9, pp. 39-45].

Blueprints for a construction is not a single uniform format, they come in various types
depending on what they display and to which profession they adhere. Among the various
types of drawings there are Floor Plans, Facade Drawing, Sectional Drawing and Site Layout
Plans. The different drawings usually have their own sheet and follow certain standards, these
standards dictate notations, formats, and practices to establish universal and professional

understanding.

3.2 Artificial Intelligence

In the paper “The imitation game” released in 1950, Alan Turing raises the question “can
machines think?” and argues for computational knowledge similar to what we now regard as
Al systems [12]. Six years later, in 1956, American scientist JohnMcCarthy coined the term
artificial intelligence at a conference in Dartmouth College in America [11]. The field
continued to grow and displayed the first Al-program in 1955-56 and areas of study, like
natural language processing, developed within the studies of artificial intelligence [11].

Today, Al has proven capable in multiple fields such as smart farming, education, and
healthcare [1][2][3]. The term Al is often used interchangeably and is in fact a multitude of
sciences where they mimic human-like behaviour [13]. ChatGPT is trained with machine
learning which is a type of Al-algorithm where an input X provides an output Y [14]. To
achieve this, the Al-model “trains” by adapting over and over with the help of huge quantities
of data. This way the model gets more and more accurate output [14]. The goal is that the
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model can predict new outputs outside of its training environment in a beneficial way. For
example, in the field of image identification, voice recognition and LLMs [11].

33 Large Language Model

Large Language Models are trained on multitudes of data using a deep neural network
architecture. The goal of the training is to solve language problems like text classification,
document summarization, question answering and text generation. In addition to this, they are
built on a specified deep neural network called a transformer model which revolutionized
fields like natural language processing leading to models like ChatGPT [16]. The transformer
model was introduced by Vaswabi et al. in the paper “Attention is All You Need” and is a
main driving force in the advancements of LLMs [15]. Most of the leading LLMs in the field
of Al utilize the transformer architecture in their models [18][19][20].

A transformer model relies on the mechanism of self-attention, allowing the model to weigh
the importance of different words in a sentence in relation to each other [15]. Self-attention
assists the model in understanding the context of each word in a sentence, regardless of how
far apart the words in a sentence are from each other. It is common to use multiple self-
attention points (multi-headed attention) to simultaneously focus on different words, thus
allowing for a richer understanding of the context in a sentence [15]. A positional encoding
mechanism is used to provide the model with information regarding a word's position in a
sentence and is used in conjunction with multi-headed attention. This is of paramount
importance since the transformer does not process the words in a sequential manner. The
mechanisms are then used in two steps called Encoder and Decoder [16]. The Encoder
consists of multiple layers and sublayers of these mechanisms. Its main objective is to process
the input sequence and transform it to a continuous representation that holds key information
about the sentence such as word order, semantics and syntactics. The Decoder uses the
information from the Encoder to generate an output sequence. It can rely on the information
from the encoder to ensure that the output is contextually aligned with the input.

3.4  GPT-4

Generative pre-trained transformer 4 (GPT-4) is a large-scale multimodal model created by
OpenAl. A multimodal model can be prompted with multiple types of data, in the case of

GPT-4 it is able to process both text and visual inputs [34]. The model design offers a new
11



level of interaction allowing for a detailed description of an image, answering complex

questions, and engaging in conversations based on visual cues and text.

Pz N |
. The picture shows an apple.

Output

< Prompt

What fruit is in the picture? (

Figure 1. Example of a GPT-4 prompt containing visual and textual input.

3.5 Prompt Engineering

Multiple papers on prompting guidelines have surfaced, from explaining how to prompt for
academic writing, to general guidelines for using chatGPT [8][17]. From this, the field of
prompt engineering has emerged where scientists try to figure out the best prompt to get the
highest accuracy. Depending on the strategy, results have been on par and even better than
fine-tuned models [22]. More specific techniques have also been developed, and these are the

ones this paper will compare, as they are currently under scrutiny by researchers.

3.5.1 Zero-shot prompting

Zero-shot (ZS) is a prompting technique that consists of writing a prompt with a task
description and then the task itself as shown on the left side of figure 2. The technique is most
known for its simplicity and the convenience that this brings [22]. This technique reminds of
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how humans would write prompts and consequently, could increase accuracy with minimum
change from a human prompt.

3.5.2 Few-shot prompting

Few-shot (FS) consists of giving a task description and multiple examples of the task being
done [22]. The technique is explained as bringing in-context information to the model thus
giving it a precise answer to the prompt. In the original paper, the authors of the technique
recommended 10-100 examples to provide enough context. This technique gained impressive
accuracy at the time of publishing and gave inspiration for even more techniques. An example
of few-shot prompting can be seen on the right side of figure 2.

Zero-shot Few-shot
The model predicts the answer given only a natural language In addition to the task description, the model sees a few
description of the task. No gradient updates are performed. examples of the task. No gradient updates are performed.
Translate English to French: task description Translate English to French: task description
cheese == prompt sea otter == loutre de mer
peppermint => menthe poivrée
plush girafe => girafe peluche
cheese == prompt

Figure 2. Example of zero-shot and few-shot prompting [22].

3.5.3 Chain-of-Thought prompting

In the paper by Wei et al. the authors introduce the Chain-of-Thought (CoT) prompting
method [21]. The technique is inspired by how one would normally solve a math answer by
using a step-by-step approach to a problem. In their study they include the example provided
in figure 3 to explain standard prompting compared to CoT.
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Standard Prompting Chain-of-Thought Prompting

Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

Model Output Model Output

. ; A: The cafeteria had 23 apples originally. They used
A: The answer is 27.
weris 27. 3¢ 20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 = 9. The
answer is 9.

Figure 3. Standard prompting compared to Chain-of-Thought prompting. CoT processes are highlighted [21].

To compare CoT to standard prompts the authors perform multiple tests like those in figure 3.
From these prompts there are three takeaways. Firstly, CoT only yields performance when the
model has ~100B parameters. Secondly, CoT has larger performance gains for more complex
prompts. Thirdly, CoT prompting gained significant gains and could compete with the best
techniques at the time [21].

Another study investigates CoT and concludes three important key-points [23]. Firstly, it is
crucial that the explanation part of the prompt is relevant to the question part of the prompt.
Secondly, the explanation part of the prompt must be coherent and go step-by-step in a logical
order. Thirdly, the requested output of the LLM (i.e. template) in which the LLM can return
its response e.g “The answer of + = ” is also important. The same article also found that
the validity of the LLMSs reasoning is not of high importance as it only reduced performance
marginally. In addition to this, CoT has also proved more effective by sampling a set of

prompts and then selecting the most consistent answer [24].

3.54 MLLM prompting

At the moment of writing this article, there is no absolute way to perform a few-shot and CoT
prompt to a MLLM. One article describes how this can be done with simply giving the

caption of the image [28]. However, as stated in the same article, the text cannot functionally
replace all data points within an image and therefore context is lost. Another article mentions
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how MLLMs can come to better conclusions with a prompt and an image to gain the most
context [31].

3.6 Evaluation

With multiple techniques rising in prompt engineering the need for benchmarks and
evaluation has also surfaced. Optimally these should be made to measure a distinct reasoning
area as it needs to depend on the purpose of the evaluation [25]. Therefore, one needs to
understand their use case to effectively evaluate their model. In a gold-standard example -
where there is only one or a limited number of right answers, one might measure against this
standard as proposed by openAl [17]. General guidelines have also risen when evaluating to
get a standardized result. This was suggested as even subtle changes had dramatic changes in
the prompt output and depending on the template there were up to 76 accuracy points of
difference [26]. The same suggestion was made by another paper which made the comparison
of the result from one prompt to the result of a psychological study with one human, which
would not be enough to yield any conclusive result [27]. The culmination of these resulted in
another paper, calling researchers to evaluate with two metrics: MaxP and AvgP [25]. MaxP
being the best performing template of one technique and AvgP being the average performance
of one technique.

4. Methodology

4.1 Limitations

For this study, a comparison was made to decide which technique performed the best for our
purpose. However, there are many more techniques that would be of interest, and finetuning
the model would be the ultimate test. This is because fine tuning has generally had state-of-the
art performance and prompting LLMs to just be on par with these models has proven to be an
achievement [22]. Their absence is motivated by the lack of relevant data as this is
fundamental for finetuning [22].
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The motivation behind leaving out techniques is simply due to the lack of time. As mentioned
in section 3.6, multiple prompts of the same technique are needed to get a meaningful result.
Together with this, previous articles have used around 5-20 examples in their prompt for
chain-of-thought prompting and another uses 10-100 examples when testing few-shot
prompting [21][22]. This means that creating an acceptable number of prompts and examples
will challenge the time constraint of this article.

In previous studies measuring datasets are usually thousands of examples. For example, the
dataset scienceQA uses 21k multimodal examples [31]. This study does not have access to a
dataset of this quantity and will restrict its scope to construction blueprints.

4.2 Retrieving the Dataset

The dataset containing the constructional blueprints is public data that can be accessed in a
GitHub repository [36]. For this study, it was accessed by an email sent from the organization
containing all the data structured and properly organized with its coherent metadata. The
dataset follows a hierarchical folder structure for ease of navigation and data management, the
top-level folders are “Build part 1 and “Build part 2”. The top-level folders contain
subfolders where “Build part 1”” has a count of 334 folders and “Build part 2” has 539. Each
subfolder represents a construction building and the folder name has an abstract description of
the building holding the property unit designation and matter.

Each building object contains one or more of the following subfolders, PL, FAS, SIT, SEKT

and K. The notations mark the different types of construction blueprints, floor plan, facade

drawing, site layout plan, sectional drawing, and design drawing. A subfolder marked with a

notation contains a single high-resolution picture of a blueprint drawing with the TIFF file
16



format. The metadata for a single object resides in the parent folder and contains key
information such as property unit designation, matter, date, and type of drawing. A metadata
file is in the XML file format allowing us to easily distill information during prompting. Some
of the data is superfluous since we primarily will look at the classification of the blueprint,
dates and names are excluded and won't be needed.

Blueprint Metadata
Errand TILLBYGGNAD AV GARAGE
Property Unit SPONTHYVELN 4
Decision Date 1966-12-09
Archive Id A 475801 KALLARPL FASMOT SV
Type A

Table 1. Metadata from and XML file.

4.3 Preprocessing Dataset

Before prompting the LLM with the pictures some preprocessing must be carried out. This
involves changing the file extension to a format that the model can process and changing
folder paths to mitigate the opportunity for the model to use the folder path name as
prompting information. To change the file extension from TIFF to PNG a simple python
script in conjunction with a package called PILLOW where used. The script iterates the folder
tree recursively from the top-level folder until it identifies a TIFF image. The TIFF image is
then loaded into the python script using system calls and PILLOW does the conversion
operation into PNG format. The model can use the path names of the files to determine the
content of a picture. Since this study is based on prompting, we want to eliminate this aspect
since it could contribute to margins of error in the evaluation of prompting techniques. The
path names are changed with a python script like the way the extension change is done,
however the script works iteratively. It executes with a start path of a top-level folder and
changes all folder names to a numeric value counting from 1...n.

17



4.4 Preprocessing Metadata

In table 3.1 a metadata example in XML format is displayed. The key information for this
study lies in section “Archive Id” where information about the object id and classification
resides. The id of a metadata object mirrors the name of the corresponding image and will be
used when performing correction later. To verify that all objects contain the correct metadata
information a script was deployed. The python script loaded all the XML files and iterated the
“Archive 1d” to verify that they contained an object id, had the correct format, and contained a
classification that is one or more of the following (PL, SIT, SEKT, FAS, K). The script
indicated that there were 86 invalid metadata points that had to be corrected. The correction
was performed manually by going through the metadata and the corresponding blueprint
image. From the 86 invalid metadata points, 40 were removed due to images that lacked
quality or contained classifications that were not intended for the study and 46 were solved by
analyzing the picture and correcting the metadata classification.

4.5 The Prompts

The prompts were crafted in careful consideration of the key-points mentioned in section 3.5.
and all techniques contained five prompts as motivated in section 3.6. In our study, image
captioning was used where the image is explained in text as in-context training, which leads to
some differences to the FS prompts in section 3.5. The chain-of-thought prompts are the same
as the few-shot settings except for the explanation part. Here the answer is thoroughly
explained in a step-by-step manner. Because of the large amount of text in the explanations,
less examples were used in this setting. The prompts were also constructed with small
differences to get a fair result for each technique as mentioned in section 3.6. A preview of the
prompts can be found in appendix A and the full sheet of prompts can be found on GitHub
[36].

4.6 Executing the Prompts

The OpenAl API library for python was used to iterate the prompts and retrieve a
classification from the model. The API allows for prompting with text and images by

18



communicating with OpenAl-model through REST API. Each image is first loaded into the
script and then encoded using base64, the encoding bundled with the coherent prompt is then
posted to OpenAl-model. After the model has processed the prompt, a response is sent back
and saved as a .TXT file with the same namelD as the image. This will be used for evaluation
further on.

Request

Base64 (image) +

Response -=

- —]
Python Client This is a {Site Plan} OpenAl
Azure Server

Figure 4. Showing client-server communication for prompt and response.

(&)

The OpenAl-model runs on a Microsoft Azure server as shown in figure 4, however the

model can be deployed and run on various server providers such as AWS and OpenAll.

4.7 Evaluating the Prompts

The evaluation is carried out for each individual prompt by a script to compute the number of
correct answers. The response provided from OpenAl-model is compared with the metadata in
conjunction with synonyms to the correct classification.

A picture containing multiple types of blueprints issues for multiple correct answers and an

average must be computed. This average ranges from 1.0 - 0.0 where 1.0 is the full number of

points for the picture as displayed in figure 5.
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Metadata answer
- Site plan (SIT)

- Section drawing (SEKT)
- Floor plan (PL)
CMDA=3

TR TURTIBNEILAR, sl 1o

Model answer
8 — - | -Floor plan

SN | CMA=1
=TT [EF

X E :ui ] :
| :'\, |
jjm- p B

Points =CMA /CMDA =1/ 3 = 0.333

Bk B sum‘aiu. o : . IV

Figure 5. Average point calculation for a single image containing multiple blueprint types.

CMDA = Correct Metadata Answers
CMA = Correct Model Answers

Points = CMA /CMDA

For each iteration through the dataset the points are concatenated to provide a total amount of
points for each prompt. To calculate MaxP and AvgP for each method we use the following
equations [25].

MaxP(T, IT] = max i&l_=(T, i)
1
AvgP(T,I_) = ;7 = X (T, i)
) —|_|_ '.'EI_
MaxP depicts the maximum points for a template T, where T is one of the following

templates, Zero-shot, Few-shot or Chain of Thought. AvgP is the average for a template based
on the total points divided with the number of iterations for the given template.
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5. Results

The results are derived and calculated based on the principles from 3.6. Figure 5 displays the

average points and top values for each method.

® Top Values
500 4 Average I I

400

300 +

Points

200

100 ~ I

T T T
zs Fs coT
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Figure 6. Showing the results for appendix A-C.

Zero-shot prompting method fails to classify most blueprints resulting in a AvgP of 69.15
points with a MaxP of 93.8. For the 572 pictures in the dataset this results in a hit rate of
12.1% in the average case. Few-shot prompting and Chain of thought had a similar result with
an AvgP of 497.2 and 496.1 respectively. Even though the average resulted in a similar
performance, chain-of-thought had a slightly higher MaxP giving it a top hit rate of 89.6%,
see Table 2. This gives the chain-of-thought prompting method a 73.2% higher result than

Zero-shot prompting.

Method Average hit rate Top hit rate MaxP (Points)
(o) (o)
Zero-shot 12.1 16.4 93.8
Few-shot 86.9 89.0 509.2
Chain-of-thought 86.7 89.6 5124

Table 2. Displaying average and top hit rate and MaxP.

6. Discussion

When CoT was introduced, it achieved a state-of-the-art performance and has since been
developed into many different sub-techniques [22]. To answer RQ1, CoT prompting
performed the best across one prompt and was therefore the best in identifying blueprints.
This paper’s results, however, did not support CoT as a superior prompting technique and
instead the results suggested that FS’s and CoT’s performance is likewise. The reason for this
could be the difference in the type of problem and the different models. The original paper by
Wei et al. never presented image recognition problems which is a fundamental difference.
This is not to say that CoT does not work for image recognition problems, but instead, a
different approach might be needed. In this paper, the strategy was to caption the image, use it
as part of the prompt, then give extensive answers in the CoT prompts and a multitude of
examples. A more detailed and extensive caption might then have resulted in higher accuracy

for both techniques.

This approach might have given a higher result for both techniques and it might also be
crucial to maximize the potential of CoT prompting. As said by Zhang et al. there is severe
information loss in captioning the image [28], which in turn might lead to a worse result.
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Thus, the MLLM might not understand the connection between the caption of the image and
the answer itself which results in a lack of clarity.

Concluding from the results, we also suggest that zero-shot prompting is not suitable for
identifying blueprints as the score was significantly worse than FS and CoT. There is however
potential to improve this technique as Kojima et al. were able to improve zero-shot in a
variety of tasks by simply adding the sentence “think step by step” at the end of the prompt
[35].

7. Future Works

Prompt engineering is a new realm of Al development which has shown promising results in
many studies. As this paper revolves around MLLM and aims to maximize the accuracy in
blueprint recognition, we believe that more sophisticated methods are needed. We suggest
testing with prompting techniques such as MM-CoT, DDCoT, CCoT and CoCoT as these are
techniques specialized towards MLLMs.

Trying out different models would also be of interest to reach the highest result. Both in
identifying blueprints but also in the accuracy of different prompting techniques. This also
includes finetuning models as these have shown great success in various benchmarks and
could yield a high result. As stated previously however, finetuning requires large amounts of
data to correctly train the model and proves time-consuming.
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8. Conclusion

This paper aims to tackle the task of identifying blueprints by using the MLLM chatGPT-4.
To do this, image captioning together with zero-shot, few-show and CoT prompting
techniques were used. To get a fair result, five prompts were generated for each technique. In
our results, we find that FS and CoT perform similarly with FS achieving the best average
result and CoT the best result with one prompt. With these techniques they manage to get an
accuracy of 89% and ZS gets only 12% (see table 2). However, we believe a higher accuracy
is possible by further testing techniques for MLLM.
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“lanswer}”

Question: Can you identify the type of blueprints in the image? The blueprints

could include a floor plan, an elevation drawing, a site plan, a section drawing,

or a structural drawing. Type your final answer(s) like this: “{answer}” Image: A
blueprint showing a detailed floor plan of a residential house.

Al: This is a {floor plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A drawing showing the exterior view of a building and a section cut
through the building, revealing interior structure.

Al: This is a {facade drawing, section drawing}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A drawing showing the arrangement of the spaces in a building at a
particular level.

Al: This is a {floor plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A blueprint showing the structural elements of a building, such as
beams and columns.

Al: This is a {structural plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”



Image: A design plan showing the exterior view of a residential building.
Al: This is a {facade drawing}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A drawing showing the arrangement of rooms and corridors in a
building at a particular level.

Al: This is a {floor plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A blueprint showing the vertical cut through a building, revealing the
interior structure. The drawing also depicts an elevation view of the house and
the arrangement of the spaces in a building at a specific level.

Al: This is a {section drawing, facade drawing, floor plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A drawing showing the layout of a house, including a garage and roads.
Al: This is a {site plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Image: A blueprint showing the layout of a plot of land, including buildings,
landscaping, and site-specific features. The image also shows another blueprint
with the structural details of the buildings.

Al: This is a {site plan, structural plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,



or a structural drawing. Type your final answer(s) like this: “{answer}”
Al ?

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: {answer}.

Image: A blueprint showing a detailed floor plan of a residential house.

Al: When | first look at an architectural blueprint, | try to identify the
perspective from which the drawing is made. This can be either of a front or
side view which means it is likely a facade drawing. Another perspective is a
bird's eye view, which can give me clues whether it is a site plan or a cut-
through view which would signal to be a section view. There are also structural
elements which can give me clues on what perspective it is, or even if there are
measurements in the blueprint hinting towards a structural view altogether.
Lastly, | can try to identify whether the layout shows any visible rooms, which
would indicate that it is a floor plan. This helps me categorize the blueprint into
one of the five types: facade drawing, site plan, section drawing, structural
drawing, or floor plan. By looking at these properties the blueprint provided
seems to be a {floor plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: {answer}.

Image: A drawing showing the exterior view of a building and a section cut
through the building, revealing interior structure.

Al: Upon first glance at an architectural blueprint, | discern the viewpoint of the
drawing. A straight-on view of a building’s front or side suggests a facade
drawing. A top-down perspective could indicate a site plan or, if it reveals a cut-
through view of the building, a section drawing. The presence of load-bearing
elements and measurements might hint at a structural drawing. Lastly, if the
layout unveils distinct rooms, it’s likely a floor plan. This process helps me
classify the blueprint into one of five categories: facade drawing, site plan,



section drawing, structural drawing, or floor plan. By looking at these
properties the blueprint provided seems to be a {facade drawing, section
drawing}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: {answer}.

Image: A drawing showing the arrangement of the spaces in a building at a
particular level.

Al: When examining an architectural blueprint, | first determine the drawing’s
perspective. A direct view of a building’s facade suggests it’s a facade drawing.
A bird’s eye view could imply a site plan, or if it displays a cross-section of the
building, a section drawing. The depiction of structural elements and
measurements might point towards a structural drawing. Finally, if the layout
reveals distinct rooms, it’s likely a floor plan. This approach aids in categorizing
the blueprint into one of five types: facade drawing, site plan, section drawing,
structural drawing, or floor plan. By looking at these properties the blueprint
provided seems to be a {floor plan}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: {answer}

Image: A blueprint showing the structural elements of a building, such as
beams and columns.

Al: When | scrutinize an architectural blueprint, my initial step is to ascertain
the perspective of the drawing. A head-on view of a building’s exterior implies
it’s a facade drawing. An overhead view could suggest a site plan, or if it
presents a cross-section of the building, a section drawing. The illustration of
structural components and measurements might indicate a structural drawing.
Lastly, if the layout exposes specific rooms, it’s probably a floor plan. This
methodology assists me in sorting the blueprint into one of five classifications:
facade drawing, site plan, section drawing, structural drawing, or floor plan. By
looking at these properties the blueprint provided seems to be a {structural

plan}.



Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: {answer}

Image: A design plan showing the exterior view of a residential building.

Al: When | analyze an architectural blueprint, my first task is to determine the
perspective of the drawing. A direct view of a building’s exterior suggests it’s a
facade drawing. An aerial view could indicate a site plan, or if it presents a
cross-section of the building, a section drawing. The representation of
structural components and measurements might suggest a structural drawing.
Finally, if the layout reveals distinct rooms, it’s likely a floor plan. This method
assists me in categorizing the blueprint into one of five categories: facade
drawing, site plan, section drawing, structural drawing, or floor plan. By looking
at these properties the image provided must be a {facade drawing}.

Question: Can you identify the type of blueprints in the image? The blueprints
could include a floor plan, an elevation drawing, a site plan, a section drawing,
or a structural drawing. Type your final answer(s) like this: “{answer}”

Al: ?
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