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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 (AI) 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 AI with 

constructional blueprints? 
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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]. 
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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 AI, 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. 
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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 

AI 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 AI-program in 1955-56 and areas of study, like 

natural language processing, developed within the studies of artificial intelligence [11]. 

 

Today, AI has proven capable in multiple fields such as smart farming, education, and 

healthcare [1][2][3]. The term AI 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 AI-algorithm where an input X provides an output Y [14]. To 

achieve this, the AI-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]. 

 

3.3 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 AI 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 

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

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

 

 

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. 

 

 

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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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 LLMs 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]. 

3.5.4 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 openAI [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 
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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.  

 

 

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.  
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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 Id” 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 OpenAI 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 
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communicating with OpenAI-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 OpenAI-model. After the model has processed the prompt, a response is sent back 

and saved as a .TXT file with the same nameID as the image. This will be used for evaluation 

further on. 

 

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

The OpenAI-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 OpenAI. 

 

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

 

 

 

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 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. 
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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. 

 

 

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 AI 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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

25 

 

 



 

 

 

Bibliography 

[1] Y. Y. S. Alawfi, G. Rajesh, M. Q. M. Almaawali, “Smart Farming Monitoring Through Artificial Intelligence 

for Enhancement of Harvest Quality and Productivity”, (ICSSIT). 2023. Available: 

https://doi.org/10.1109/ICSSIT55814.2023.10060943 

 

[2] R. Pillai, B. Sivathanu, B. Metri, N. Kaushik, “Students adoption of AI-based teacher-bots (T-bots) for 

learning in higher education”, Information Technology & People. 2024.  

Available: 

https://doi.org/10.1108/ITP-02-2021-0152 

 

[3] L. Petersson, P. Svedberg, J. M. Nygren, I. Larsson, “Healthcare Leader’s Perceptions of the Usefulness of 

AI Applications in Clinical Work: A Qualitative Study”, Studies in Health Technology and Informatics. 2023. 

Available: 

https://doi.org/10.3233/SHTI230235 

 

[4] X. Wu et al, “On Computing Paradigms - Where Will Large Language Models be Going”, (ICDM), 

Shanghai, China, 2023. pp. 1577-1582  

Available: 

https://doi.org/10.1109/ICDM58522.2023.00211 

 

[5] L. Wang, X. Chen, X. Deng et al, “Prompt engineering in consistency and reliability with the evidence-based 

guidelines for LLMs”, npj Digital Medicin 7. 2024.  

Available: 

https://doi.org/10.1038/s41746-024-01029-4 

 

[6] M. Wang, M. Wang, X. Xu, L. Yang, D. Cai and M. Yin, “Unleashing ChatGPT’s Power: A Case Study on 

Optimizing Information Retrieval in Flipped Classrooms via Prompt Engineering”, IEEE Transactions on 

Learning Technologies, vol. 17, pp. 629-641, 2024.  

Available: 

https://doi.org/10.1109/TLT.2023.3324714 

 

[7] A. Dhar, A. Datta and S. Das, “Analysis on Enhancing Financial Decision-making Through Prompt 

Engineering”, (IEMENTech) 7th, pp. 1-5 ,2023.  

Available: 

https://doi.org/10.1109/IEMENTech60402.2023.10423447 

 

[8] L. Giray, “Prompt Engineering with ChatGPT: A Guide for Academic Writers”, Ann Biomed Eng 51, pp. 

2629-2633, 2023.  

Available: 

https://doi.org/10.1109/ICSSIT55814.2023.10060943
https://doi.org/10.1108/ITP-02-2021-0152
https://doi.org/10.3233/SHTI230235
https://doi.org/10.1109/ICDM58522.2023.00211
https://doi.org/10.1038/s41746-024-01029-4
https://doi.org/10.1109/TLT.2023.3324714
https://doi.org/10.1109/IEMENTech60402.2023.10423447


 

 

https://doi.org/10.1007/s10439-023-03272-4 

  

[9] R. Kilmer and W. O. Kilmer, “Construction Drawings and Details for Interiors”, 3rd ed. Hoboken, NJ: 

Wiley, 2016. 

Available:  

https://ebookcentral.proquest.com/lib/linkoping-ebooks/reader.action?docID=7104264&ppg=34 

 

[10] H. Conway and R. Roenisch, “Understanding Architecture: An Introduction to Architecture and 

Architectural History”, 2nd ed. London: Routledge, 2005.  

Available:  

https://ebookcentral.proquest.com/lib/linkoping-ebooks/reader.action?docID=256893 

 

[11] G. M. Whitson, “Artificial intelligence”, Salem Press Encyclopedia of Science, 2024.  

Available:  

https://research.ebsco.com/c/xjonn2/viewer/html/vojdkpt4vj 

 

[12] A. M. Turing, “Computing Machinery and Intelligence” Mind, Volume LIX, pp. 433-460. 1950.  

Available:   

https://doi.org/10.1093/mind/LIX.236.433 

 

[13] J. Karthikeyan, T. Su Hie, N. Yu Jin, “Learning Outcomes of Classroom Research”, Engineering and 

Technology, 2022.  

Available: 

https://www.researchgate.net/publication/358050961_Learning_Outcomes_of_Classroom_Research 

 

[14] I. El Naga, M. Murphy “What is Machine Learning?”, Machine Learning in Radiation Oncology, 2015.  

Available:  

https://doi.org/10.1007/978-3-319-18305-3_1 

 

[15] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, I. Polosukhin 

“Attention is All You Need”, Conference on Neural Information Processing Systems, 2017. Available:  

https://doi.org/10.48550/arXiv.1706.03762 

 

[16] A. Gillioz, J. Casas, E. Mugellini, O. A. Khaled “Overview of the Transformer-based Models for NLP 

Tasks”, Conference on Computer Science and Information Systems, 2020. Available: 

https://doi.org/10.15439/2020f20 

 

[17] openAI “Prompt Engineering”.  

Available: 

https://platform.openai.com/docs/guides/prompt-engineering 

 

https://doi.org/10.1007/s10439-023-03272-4
https://ebookcentral.proquest.com/lib/linkoping-ebooks/reader.action?docID=7104264&ppg=34
https://ebookcentral.proquest.com/lib/linkoping-ebooks/reader.action?docID=256893
https://research.ebsco.com/c/xjonn2/viewer/html/vojdkpt4vj
https://doi.org/10.1093/mind/LIX.236.433
https://www.researchgate.net/publication/358050961_Learning_Outcomes_of_Classroom_Research
https://doi.org/10.1007/978-3-319-18305-3_1
https://doi.org/10.48550/arXiv.1706.03762
https://doi.org/10.15439/2020f20
https://platform.openai.com/docs/guides/prompt-engineering


 

 

[18] A. Radford, K. Narasimhan, T. Salimans, I. Sutskever “Improving Language Understanding by Generative 

Pre-Training”, OpenAI. 2018. Available: 

https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-

unsupervised/language_understanding_paper.pdf 

 

[19] Gemini Team Google “Gemini: A Family of Highly Capable Multimodal Models”, Google DeepMind. 

2023. 

Available: 

https://doi.org/10.48550/arXiv.2312.11805 

 

[20] J. Devlin, M. Chang, K. Lee, K. Toutanova “BERT: Pre-training on Deep Bidirectional Transformers for 

Language Understanding”, Google AI Language. 2019.  

Available: 

https://doi.org/10.48550/arXiv.1810.04805 

 

[21] J. Wei, X. Wang, D. Schuurmans et al, “Chain-of-Thought Prompting Elicits Reasoning in Large Language 

Models”, Google Research, Brain Team, 2023.  

Available:  

https://doi.org/10.48550/arXiv.2201.11903 

 

[22] T. B. Brown, B. Mann, N. Ryder et al. “Language Models are Few-Shot Learners”, openAI, 2020.  

Available: 

https://doi.org/10.48550/arXiv.2005.14165 

 

[23] B. Wang, S. Min, X. Deng, J. Shen, Y. Wu, L. Zettlemoyer, H. Sun “Towards Understanding Chain-of-

Thought Prompting: An Empirical Study of What matters”, Google Research. 2023. 

Available:  

https://doi.org/10.48550/arXiv.2212.10001 

 

[24] X. Wang, J. Wei, D. Schuurmans, Q. Le, E. Chi, S. Narang, A. Chowdhery, D. Zhou “Self-Consistency 

Improves Chain of Thought Reasoning in Language Models”, Google Research, Brain Team. 2023. 

Available: 

https://doi.org/10.48550/arXiv.2203.11171  

 

 

[25] M. Mizrahi, G. Kaplan, D. Malkin, R. Dror, D. Shahaf, G. Stanovsky “State of What Art? A Call for Multi-

Prompt LLM Evaluation”, (TACL). 2024. 

Available:  

https://doi.org/10.48550/arXiv.2401.00595 

 

https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://doi.org/10.48550/arXiv.2312.11805
https://doi.org/10.48550/arXiv.1810.04805
https://doi.org/10.48550/arXiv.2201.11903
https://doi.org/10.48550/arXiv.2005.14165
https://doi.org/10.48550/arXiv.2212.10001
https://doi.org/10.48550/arXiv.2203.11171
https://doi.org/10.48550/arXiv.2401.00595


 

 

[26] M. Sclar, Y. Choi, Y. Tsvetkov, A. Suhr “Quantifying Language Models Sensitivity to Spurious Features in 

Prompt Design or: How I learned to start worrying about prompt formatting”, 2023.  

Available: 

https://doi.org/10.48550/arXiv.2310.11324 

 

[27] Y. Perlitz, E. Bandel, A. Gera, O. Arviv, L. Ein-Dor, E. Shnarch, M. Shmueli-Scheuer, L. Choshen 

“Efficient Benchmarking (of Language Models)”, 2024.  

Available: 

https://arxiv.org/pdf/2308.11696 

 

[28] Z. Zhang, A. Zhang, M. Li, H. Zhao, G. Karypis, A. Smola “Multimodal Chain-of-Thought Reasoning in 

Language Models”, 2024.  

Available: 

https://doi.org/10.48550/arXiv.2302.00923 

 

[29] D. Mondal, S. Modi, S. Panda, R. Singh, G. S. Rao “KAM-CoT: Knowledge Augmented Multimodel 

Chain-of-Thoughts Reasoning”, (AAAI), 2024. 

Available: 

https://doi.org/10.48550/arXiv.2401.12863 

 

[30] D. Zhang, J. Yang, H. Lyu, Z. Jin, Y. Yao, M. Chen, J. Luo “CoCoT: Contrastive Chain-of-Thought 

Prompting for Large Multimodal Models with Multiple Image Inputs”, (CVAPR), 2024. 

Available: 

https://doi.org/10.48550/arXiv.2401.02582 

 

[31] P. Lu, S. Mishra, T. Xia, L. Qiu, K. Chang, S. Zhu, O. Tafjord, P. Clark, A. Kalyan “Learn to Explain: 

Multimodal Reasoning via Thought Chains for Science Question Answering”, (NeurIPS), 2022. 

Available: 

https://doi.org/10.48550/arXiv.2209.09513 

 

[32] G. Zheng, B. Yang, J. Tang, H. Y. Zhou, S. Yang “DDCoT: Duty-Distinct Chain-of-Thought Prompting for 

Multimodal Reasoning in Language Models”, 2023. 

Available: 

https://doi.org/10.48550/arXiv.2310.16436 

 

[33] C. Mitra, B. Huang, T. Darrell, R. Herzig “Compositional Chain-of-Thought Prompting for Large 

Multimodal Models”, 2023.  

Available: 

https://doi.org/10.48550/arXiv.2311.17076 

 

[34] J. Achiam, S. Adler, S. Agarwal, L. Ahmad et al. “GPT-4 Technical Report”, openAI, 2023.  

Available: 

https://doi.org/10.48550/arXiv.2310.11324
https://arxiv.org/pdf/2308.11696
https://doi.org/10.48550/arXiv.2302.00923
https://doi.org/10.48550/arXiv.2401.12863
https://doi.org/10.48550/arXiv.2401.02582
https://doi.org/10.48550/arXiv.2209.09513
https://doi.org/10.48550/arXiv.2310.16436
https://doi.org/10.48550/arXiv.2311.17076


 

 

https://doi.org/10.48550/arXiv.2303.08774 

 

[35] T. Kojima, S. S. Gu, M. Reid, Y. Matsuo, Y. Iwasawa “Large Language Models are Zero-Shot Reasoners”, 

(NeurIPS), 2022. 

Available: 

https://doi.org/10.48550/arXiv.2205.11916 

 

[36] D. Solin, A. Karlsson “Appendix A-C”, (GitHub), 2024. 

Available: 

https://github.com/DanielSolin00/-Exploring-prompting-techniques-An-evaluation-of-prompting-techniques-for-

identifying-blueprints.git  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Appendix A 

The prompting techniques are separated by a line and come in the following 
order; zero-shot, few-shot and chain-of-thought. 
 

 

What type of blueprints are in the picture? Type your final answer(s) like this: 

https://doi.org/10.48550/arXiv.2303.08774
https://doi.org/10.48550/arXiv.2205.11916
https://github.com/DanielSolin00/-Exploring-prompting-techniques-An-evaluation-of-prompting-techniques-for-identifying-blueprints.git
https://github.com/DanielSolin00/-Exploring-prompting-techniques-An-evaluation-of-prompting-techniques-for-identifying-blueprints.git


 

 

“{answer}” 

 

 

 

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.  

AI: 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.  

AI: 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.  

AI: 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.  

AI: 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.  

AI: 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.  

AI: 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.  

AI: 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.  

AI: 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. 

AI: 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}” 

AI: ? 

 

 

 

 

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.  

AI: When I first look at an architectural blueprint, I 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, I 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.  

AI: Upon first glance at an architectural blueprint, I 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.  

AI: When examining an architectural blueprint, I 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.  

AI: When I 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.  

AI: When I 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}”  

AI: ? 
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