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Abstract. Prompt engineering techniques have seen a significant rise in re-
search interest as a means to achieve satisfactory results without retraining Lan-
guage Models. This work presents a set of experiments to analyze the power of
a combination of prompts. To this end, it evaluates six prompt techniques, com-
bining them to result in twelve experimental scenarios applied to Python code
generation. Evaluation using BERTScore indicates that Role combined with
RAG achieves the highest performance in code generation with 98% similarity.
Skeleton-of-Thought and Self-Verification reveal promising opportunities for the
design of prompt templates. Our findings contribute to unveiling the power of
combining prompt techniques for current applications such as code generation.

1. Introduction
Artificial Intelligence (AI) has shown remarkable notoriety after OpenAI’s ChatGPT
made evident the potential of Large Language Models (LLMs) [Korzyński et al. 2023].
Likewise, other companies have also introduced competitive generative models, such
as the Llama, Claude or Gemini. With the growing demand for more accurate re-
sults, Prompt Engineering (PE) has emerged as an important practice in the context of
LLMs to achieve satisfactory results, i.e., solutions that meet the defined requirements,
without retraining them [Vatsal and Dubey 2024]. According to [Schulhoff et al. 2025,
Medeiros et al. 2024], PE is an iterative process that involves developing effective
prompts through the use of diverse techniques. A prompt technique encompasses the
development of structured instruction sequences that take advantage of a given LLM in
various applications and research domains. To the best of our knowledge, currently, there
are 33 terminologies of prompting, 58 text-only prompting techniques, and 40 ways ap-
plicable to other modalities like image and video [Schulhoff et al. 2025].

In this sense, a user utilizes an LLM-based application such as ChatGPT, formu-
lating prompts that are readily interpretable by the model to generate a determined re-
sponse. [Sabit 2023] designed tips, best practices, iterative refinement, balance of user
intents, harnessing external resources, and the usage of ethical guidelines to enhance
the responses of a given LLM. For instance, tools such as Copilot and Gemini enhance
code generation when developers formulate more structured and contextually appropri-
ate prompts [Mahir et al. 2024]. Additionally, [Neves et al. 2024] demonstrated that the
use of prompts plays a critical role in shaping LLM performance, showing that carefully
designed prompting can significantly influence outcomes and enhance competitiveness,
particularly in applications such as sentiment analysis.
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The prompt design depends on several factors. According to [Bansal 2024], it
is necessary to tailor LLM through PE to achieve a specific goal, ensuring that the out-
puts are relevant and valuable while minimizing issues, such as hallucinations and non-
determinism. This can be achieved using simple PE techniques — such as Zero-Shot,
Few-Shot, Chain-of-Thought, Role Prompt, Retrieval Augmented Generation (RAG)
— as well as more refined strategies like Skeleton-of-Thought; Based on the analy-
sis of various studies on PE techniques and their applications [Vatsal and Dubey 2024,
Shin et al. 2023, Reynolds and McDonell 2021, Ning et al. 2024] it is possible to see that
some techniques have been more addressed in the literature while others, although with
potential, not so much. Then, the combination of simple and/or more refined PE tech-
niques is still an open field for research and experimentation. Developing frameworks
that combine these techniques may enhance some evaluation approaches, such as code
generation. This view is supported by [Neves et al. 2024], who emphasize the need to
explore prompt combinations that could enhance LLM performance.

In this scenario, we define the research questions of the present work as follows:
“Can the combination of prompt engineering techniques bring more effective results when
using LLMs? Do some techniques that have not yet been much studied, have potential for
more accurate results on such combination? ”.

We have accomplished an experimental evaluation in order to answer our research
questions. To this end, we have chosen some simple and more refined PE techniques and
some possible combinations of them in order to evaluate some reputable LLMs. As a use
case, we have defined Python code generation as the problem to be solved and studied on
two competitive LLMs (GPT-4o-mini and Llama-3.1-405b).

When using a given LLM for code generation, some challenges need to be consid-
ered, such as syntactic and semantic aspects and the efficiency of the generated code itself.
The aim is to include sufficient contexts and instructions, by means of a PE technique,
so that the LLM can reason and provide a response that meets the mentioned criteria
[Coignion et al. 2024, Sarker et al. 2024]. While all of the criteria mentioned are impor-
tant, in this use case, we consider that an LLM meets the requirements by measuring the
similarity of the generated code w.r.t. its ground truth.

Thus, the overall idea of this work is to introduce a novel perspective for the com-
bination of PE techniques, particularly to some combining possibilities that have not been
yet much studied or experimented with. Hence, our contributions are as follows: (i) We
provide definitions of combinations of simple used PE techniques with others sparsely
investigated; (ii) we accomplish an experimental evaluation regarding the combined sce-
narios applied to code generation; (iii) we highlight some opening new perspectives of
templates of PE techniques and other ones less mentioned.

The paper is organized as follows: Section 2 introduces some theoretical back-
ground. Section 3 discusses some related works. Section 4 describes the experimental
design. Section 5 presents the results obtained. Section 6 provides a discussion about the
research findings, and Section 7 concludes the paper and indicates future works.

2. Theoretical Background

Some concepts and techniques w.r.t. the core of our study are introduced in the following.
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2.1. Prompt Engineering Techniques

This study explores six PE techniques, which are described as follows.

• Role Prompting is a technique used to guide the LLM to approach a ques-
tion or problem by assuming a specific role or character, i.e., a persona
[Schulhoff et al. 2025]. The model output becomes more reliable when an ap-
propriate role is assigned to the LLM at hand [Reynolds and McDonell 2021].

• Rephrase and Respond (RaR) is a PE technique whose user’s instruction is
analyzed by the LLM in terms of the sentence, adapting or even rewriting it
[Schulhoff et al. 2025]. This means that, before generating an answer for the user-
defined prompt, the model engages in sequential reasoning by creating a new sen-
tence and applying it again to itself in order to improve the output. This task
is accomplished by appending at the end of the user query the term “Rephrase
and expand the question, and respond”, which enables the model to enhance its
response generation process [Deng et al. 2023].

• Zero-Shot-CoT (ZS-CoT) is a concatenation of Zero-Shot (ZS) and Chain-of-
Thoughts (CoT) techniques. To help matters, they are explained individually: ZS
is a technique that does not rely on examples to provide additional context to LLM
[Schulhoff et al. 2025]; on the other hand, CoT works as an interaction of prompts
to achieve an answer or a creation of logical reasoning to give a context to LLM
[Wei et al. 2022]. The integration of these two techniques is designated as Zero-
Shot-CoT. It refers to creating a task-agnostic prompt that eliminates the need of
interaction or answer-extraction by means of explicitly adding a sentence at the
end of the user’s query like “Let’s think step by step”, “First, let’s think about this
logically” [Kojima et al. 2022] or “Let’s work this out in a step-by-step way to be
sure we have the right answer” [Zhou et al. 2022].

• Skeleton-of-Thoughts (SoT) is a technique that decomposes the user’s ques-
tion or instruction into parallel lines of reasoning, generating concurrent re-
sponses. These outputs are then concatenated to synthesize the final answer
[Ning et al. 2024].

• Self-Verification (SV) is an automated validation technique used to enhance the
reliability of LLM outputs. By generating multiple candidate responses and as-
signing them to verification scores, the model identifies the most reliable an-
swer based on predefined metrics such as BLEU, ROUGE-n and ROUGE-L, and
BertScore, ensuring higher accuracy before delivering the result to the end user
[Weng et al. 2022].

• Retrieval Augmented Generation (RAG) is a technique model that leverages
external data sources (e.g., Wikipedia) not originally included in the LLM’s train-
ing to retrieve relevant document snippets, which are then combined with the
main input prompt as additional context [Lewis et al. 2020]. This process involves
three steps: (i) segmenting the documents or data into chunks, (ii) encoding these
chunks, and (iii) indexing and storing them in a vector database. When a user sub-
mits a query, it is encoded, matched against the index to retrieve the top-K nearest
documents, which are concatenated with the main prompt to provide enriched
context for the LLM’s response.
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2.2. Evaluation Metrics

There are many metrics to evaluate LLM responses. Particularly, in this work, we use
the BertScore [Hu and Zhou 2024] measure, which leverages BERT [Devlin 2018] pre-
trained embeddings to assess semantic similarity w.r.t. the meaning and correspondence
of LLM-generated outputs in comparison to reference texts. The underlying rationale of
the BertScore regards some sequential operations as follows:

1. BERT embedding loading: the pre-trained BERT model is utilized to obtain
contextualized token embeddings;

2. Token representation: for each token in the generated text {xi}Ni=1 and the ref-
erence text {yj}Mj=1 corresponded embedding are extracted. Each token is repre-

sented as fixed length vectors denoted by {x̂e
i}Ni=1 and

{
ŷej
}M

j=1
. The e denotes the

embedding space, indicating that x̂e and ŷe are the mean-pooled embeddings of
the candidate and reference. These are used to compute BERTScore via cosine
similarity.

3. Similarity Measure: the sequence of vectors is consolidated into a singular repre-
sentation to quantify the similarity between the two texts, according to Equation 1:

Lastly, the cosine similarity function is applied to measure the similarity between
the vector representations of the references and generated texts, denoted as follows (Equa-
tion 2):

x̂e =
1

N

N∑

i=1

x̂e
i , ŷe =

1

M

M∑

j=1

ŷe
j (1) BertScore =

x̂e · ŷe
∥x̂e∥ · ∥ŷe∥ (2)

Thus, the result produces a similarity score within the interval [-1..1], where: 1 in-
dicates identical vectors (high similarity); 0 represents orthogonal vectors (no similarity);
-1 denotes complete dissimilarity.

3. Related works
PE techniques have been used in literature as a means for improving the outputs of LLMs.
Some of them, applied to code generation, are described in the following.

[Wang et al. 2024] proposed a framework that develops an understandable ap-
proach to Least-to-Most Prompting, CoT, and Few-Shot techniques to enhance Python
code generation. Their study designed and evaluated prompt strategies—including one-
shot examples, dynamic examples, general guides, multi-step conversational prompts,
and all-in-one prompts—to assess their impact on LLM performance. Experiments were
conducted using GPT-4, GPT-4o, Llama3-8b, and Mixtral-8x7b across 120 programming
questions (100 from LeetCode2 and 20 from USACO3). The study underscored the im-
portance of tailored PE strategies in improving LLM reasoning, code correctness, and ef-
ficiency, offering structured guidelines for optimizing LLM-based code generation tasks.
Performance was evaluated using three key metrics: Pass Rate (solutions correctness),

2https://leetcode.com/
3https://usaco.org/
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Time Spent (coding efficiency), and Pylint score (code quality). Their study suggested
that GPT-4o, using the “multi” prompt strategy, showed superior ability to understand
and generate accurate responses.

For [Damke et al. 2024], the use of prompt engineering is crucial to achieving
good results in code generation. In this study, rounds of running prompt engineer-
ing techniques (Zero-Shot, Few-Shot and CoT) were evaluated using the Pass@K met-
ric. This metric evaluates the probability that at least one of K generated code sample
solves a problem. To reduce variance, the paper uses an unbiased estimator by gener-
ating n ≥ k samples, counting the correct ones c, and computing pass@k according to
[Chen et al. 2021]. A small dataset was created with 12 Python programming exercises
of varying difficulty levels. Three PE techniques - Zero-Shot, Few-shot, and Chain-of-
Thought - were tested, with each one running three times. The work revealed that the
Zero-Shot technique yielded better outcomes based on the pass@k metric result.

[Zheng et al. 2024] proposed a unified framework for code generation that inte-
grates single-turn and multi-turn CoT technique, combining reasoning, instruction, and
execution feedback prompts to enhance LLM performance. Using the CodeContests and
TACO datasets, stratified by difficulty, they evaluated some models such as Llama 3.0,
Llama 3.1, and GPT-4o with the Pass@K and Pass-n@K metrics to measure success rates
under fixed sampling. Their findings show that while multi-turn prompting alone yields
limited gains, combining it with CoT strategies significantly improves performance, es-
tablishing a robust baseline for understanding prompt interactions and optimization in
multi-turn code generation.

Compared to these studies, our work takes a distinct approach. While prior re-
search typically applies commonly used PE techniques, such as Few-Shot and Chain-of-
Thought, either individually or in combination to generate specific responses, they often
incorporate continuous interactions by iteratively providing context to improve model
outputs, using evaluation metrics like pass@k or dataset-specific measures to assess gen-
erated code. However, these studies generally maintain a systematic framework that eval-
uates each technique in isolation. In contrast, our work introduces a novel perspective by
exploring the combined use of both commonly used and refined PE techniques, aiming to
advance the analysis of their synergistic effects beyond the commonly studied configura-
tions.

4. Experimental Design

The dataset and experimental setup underlying this work are described in this section.

4.1. Dataset

The dataset used in this work has been extracted from the work of [Gouveia et al. 2023],
which consists of a collection of Python programming-related questions and answers.
The underlying database has been generated by means of a tool that assists students
in programming competitions. For instance, those students participate in programming
marathons organized by the Brazilian Computer Society (SBC). The training methodol-
ogy is entirely problem-based, emphasizing hands-on practice through real coding ques-
tions.
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From the original database, we extracted the necessary data for our experimental
evaluation. Initially, the full dataset comprised 457 columns and 9,575 instances. Upon
detailed analysis, we observed that questions and answers were duplicated across stu-
dent records. To address this, we implemented a data-cleaning process to select the most
relevant features and data: the unique questions, student submissions, and the correspond-
ing ground truth (i.e., the correct answers for each question). To ensure consistency, we
filtered the instances to acquire only Python language questions with verified correct an-
swers and submissions associated with a superuser, who has the correct answers. This
process resulted in the construction of a ground truth dataset containing 70 curated in-
stances, with all columns standardized as string-type data.

Thus, a set of six fea-
tures has been selected as rel-
evant for experimental evalu-
ation of LLMs w.r.t. the com-
bination of PE techniques, as
shown in Table 1.

Table 1. Dataset Features

Column Name Description
title Question title
desc Question description

input desct Input parameters from the question
output desc Expected output

dicas Question tips
program Correct answer

4.2. Experimental Setup

According to the research questions defined at Section 1, the primary goal of this work
is to investigate the combination of some PE techniques to evaluate if these combinations
may improve the performance of LLMs. Particularly, such evaluation regards whether the
LLM is able to produce similar Python codes w.r.t. the ground truth.

The selected LLMs for this study are GPT-4o-mini and Llama-3.1-405b. The
reasons underlying these choices refer to their comparable capabilities in terms of: (i)
similar levels of model size and reasoning power, and (ii) supported input/output formats
and prompt design flexibility. The criteria outlined aim to provide fairness with respect to
how the models can be compared4 within the objectives of our experimental evaluation.

To maintain a focused and efficient experimental scope, we randomly selected 10
Q&A instances from the ground truth dataset, independently of difficulty level (Basic
20%, Intermediate 40%, Advanced 40%), to ensure an unbiased evaluation. A two-
iteration loop was implemented to capture variability in the outputs generated by the
LLMs. For the code generation evaluation phase, BertScore was employed to assess the
semantic and structural alignment between the ground truth codes and the generated re-
sponses, offering a robust measure of how closely the outputs match in both meaning and
form. The experimental scenarios consisted of various prompt combinations, beginning
with a baseline and extending across twelve additional combined configurations. Upon
completing all runs covering 10 questions, 2 repetitions, 12 scenarios, and 2 LLMs, we
obtained a total of 480 outcomes; when including the baseline results, the final count
reached 520 experimental results.

Table 2 depicts the selected PE techniques and combination scenarios (Si) chosen
for our evaluation. The rationale behind the selection of the PE techniques in this study
lies in analyzing commonly used techniques (P1, P3 and P6) with prompts that have not

4Artificial Analysis Comparative
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yet been the focus of significant investigation (P2, P4 and P5).

Table 2. PE Techniques, Models and Experimental Scenarios

PE Techniques Scenarios Combined LLM models used
P1 - Role Prompting S0: P1 GPT-4o-mini

P2 - Rephrase and Respond (RaR) S1: P1 + P6 Llama-3.1-405b
P3 - Zero-Shot-CoT (ZS-CoT) S2: P1 + P2 + P6

P4 - Skeleton-of-Thoughts (SoT) S3: P1 + P3
P5 - Self-Verification (SV) S4: P1 + P3 + P6

P6 - Retrieval Augmented Generation (RAG) S5: P1 + P4 + P6
S6: P1 + P5 + P6

S7: P1 + P2 + P4 + P6
S8: P1 + P2 + P5 + P6
S9: P1 + P3 + P4 + P6
S10: P1 + P3 + P5 + P6

S11: P1 + P2 + P4 + P5 + P6
S12: P1 + P3 + P4 + P5 + P6

In the light of our experimental evaluation, we describe each defined prompt tech-
nique and the scenarios with their combinations in the following.

PE techniques

The P1 Role prompt technique has been organized into two distinct purposes: (i)
baseline (S0): “You are a programming tutor in Python” was used to point out the specific
coding tutor role, without inducing any other type of aid to the model’s reasoning; (ii) in
the rest of the combination scenarios (S1...S12), additionally to the Role prompt (coding
tutor), specific instructions were added according to the type of PE technique, as explained
in the following.

For P2 (RaR), we incorporated the sentence “Rephrase and expand the question,
and respond” at the end of prompts, inspired by [Deng et al. 2023]. In the P3 (ZS-CoT),
there are sentences that could be used, but we followed the state-of-the-art phrase “Let’s
think step by step” at the end of prompts, as proposed by [Kojima et al. 2022].

In P4 (SoT), it was necessary to decompose the user’s question into three distinct
lines of thought, allowing the LLMs to process the code generation task in parallel and
generate different responses. These outcomes were then concatenated into a single final
answer. Each statement is detailed as follows:

• The first thought is to extract key information from each question, including the
main query, any tips, required input data, the question type, the expected output
format, and the intended goal. This structured extraction ensures that the LLM
receives sufficient context to reason effectively and align its responses with the
user’s objectives.

• The second thought is to generate a Python code using the user’s question as a
reference and adding comments into the code.

• The third thought involves generating new code if a sample code has been pro-
vided by the user.

For P5 (SV), the objective is to receive the response from the LLMs by performing
a double-check mechanism in each return. Then, we resend the prompt three times to the
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LLMs with the following instruction: “Please rewrite the question and answer to provide
a better response”, following the approach proposed by [Weng et al. 2022]. We evalu-
ate each generated code by LLM, using the BertScore metric, with the highest-scoring
response being selected as the final output.

At last, w.r.t. the P6 (RAG), the goal is to enhance model performance by retriev-
ing similar question-answer pairs from a vector database, where our ground-truth data
was first chunked, encoded, and indexed before being stored. This additional context may
allow the LLM to generate more accurate and relevant responses despite lacking prior
knowledge of the ground truth data.

Combination Scenarios

The baseline (S0) is provided with minimal guidance employing the Role Prompt
technique and the user’s question to assess the inherent capability of the LLMs to per-
form reasoning and code generation. Regarding the scenario S1, we gather the Role and
RAG techniques by incorporating the user’s prompt with the response type returned by
LLM. In S2, we deal with three prompt techniques (Role, RaR, and RAG), by adding
the user’s prompt with the expected response type. Scenarios S3 and S4 employ the ZS-
CoT technique with distinct approaches. S3 followed the ZS-CoT technique, no context,
only using (Role and ZS-CoT), and the user’s question. However, S4 enhances contextual
understanding by integrating both (Role, ZS-CoT, and RAG).

In scenario S5 (Role, SoT, and RAG), the SoT technique was employed, with
the aim of obtaining from the model different responses based on its interpretation of
the user’s question. These responses are processed in parallel, concatenated and then
resubmitted along with the original user question. On the other hand, in the S6 (Role, SV,
and RAG), the user’s question was input into the LLM. To ensure response accuracy, a
self-verification mechanism was employed, wherein the model generated and evaluated
its output over three iterations. The best response was selected based on the highest
BertScore. In S7, we define the combination of techniques (Role, RaR, SoT, and RAG)
in order to send the prompt to the LLMs, in a process structured into three steps: (i) send
Role, RaR and User question; (ii) as SoT works in parallel, we send three thoughts with
the outcome coming from the previous prompt; (iii) finally, we concatenate all responses
obtained, including the RAG one, and send to LLM to give the final response.

In the S8, the techniques used are Role, RaR, SV, and RAG. In the first step, we
send Role, RAG, RaR and the user’s question. In the second step, the SV prompt is used
to evaluate the answers; this process is requested 3 times to get the response with the
highest score using the BertScore metric.

S9 is composed of the following techniques: Role, ZS-CoT, SoT, and RAG. In this
case, the main goal was to combine ZS-CoT and SoT, sending those prompts in parallel,
plus user’s question. After receiving all responses, we unify them and send a new prompt
with the RAG technique to give to the LLM to generate the final answer.

The proposal of S10 (Role, ZS-CoT, SV, and RAG) is to operate in two stages: we
send Role and ZS-CoT and user’s question. Subsequently, SV and RAG techniques are
applied three times to get the response with the highest score using the BertScore metric.

Scenarios S11 and S12 are more robust, aiming to integrate several PE techniques
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and evaluate whether the results of such integration have a positive effect. If so, this could
generate a new PE template (see Section 6).

The S11 is composed of Role, RaR, SoT, SV, and RAG techniques. This proposal
was designed to operate on four distinct stages: (i) gather Role, RaR and RAG techniques
along with the User Question; (ii) as the SoT works in parallel to guarantee different
responses, analyze the three different thoughts sent with Role, SoT and User question;
(iii) merge the LLM responses from steps 1 and 2, then consider the new request sent with
the user’s question to the model and return the final output; (iv) apply SV by generating
three different responses and select the one with the highest BertScore.

For S12, the PE techniques Role, ZS-CoT, SoT, SV, and RAG were joined to for-
mulate the scenario. The aim was to maintain the integrity of each technique, as in S9,
while enhancing the score without increasing complexity. The process follows three dis-
tinct stages: (i) gather Role, SoT with each different thoughts, ZS-CoT and User ques-
tion, sending requests in parallel to guarantee different responses; (ii) merge the LLM
responses from step 1, add the RAG, then consider the new request sent with the user’s
question to the model and return the final output; (iii) apply SV by generating three dif-
ferent responses and select the one with the highest BertScore.

5. Results
Figure 2 presents the evaluation results of the combined PE techniques for the LLMs
GPT-4o-mini and Llama. This visualization illustrates how each scenario, formed by dif-
ferent PE combinations, performed in terms of the similarity score (BertScore). Overall,
the models demonstrated high similarity between the generated code and the ground truth,
with all scenarios achieving a minimum BertScore of 0.940. To graphically represent our
results, we applied the harmonic mean metric to approximate a representative value for
each question, since two outcomes were generated per question. The harmonic mean
was selected because it is less sensitive to outliers than the arithmetic mean, making it a
suitable choice for deriving a central value similar to the median. Given that the measure-
ments are expressed in thousands, we calculated the harmonic mean of standard deviation
across all scenarios (sd = 0.016) to provide a unified reference value. To enhance the clar-
ity and interpretability, we chose to start the y-axis at 0.940 to provide an expanded view
of the performance differences. Both LLMs stand out in scenarios S1, S4, S6 and S10.

The baseline scenario S0, which uses only the Role prompt technique, demon-
strates a remarkable similarity result (GPT-4o-mini=0.978 and Llama=0.972). In S1 (Role
and RAG), both GPT-4o-mini and Llama reached their highest similarity scores — 0.984
and 0.981, respectively — surpassing the baseline performance. In S2 (Role, RaR, and
RAG), we noticed a smooth decrease in similarity in Llama (0.971), in contrast to the
GPT-4o-mini slightly surpassing (0.980). Both scenarios (In S1 and In S2) indicate that
LLMs achieve better reasoning without a large structure of prompts combined.

On scenarios S3 and S4, we assessed the impact of adding semantic context. S3

(Role and ZS-CoT) resulted in a lower similarity score compared to S4 (Role, ZS-CoT,
and RAG) in GPT-4o-mini. In S4, we added the RAG technique in order to provide a
sample of the expected result. The Llama model has benefited from such enhancement,
reaching a score of 0.975 and slightly surpassing the GPT-4o-mini model (0.974). Our
findings suggest that Llama’s performance improves with given richer semantic context.
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Figure 2. Similarity measurements of compared LLMs in all experimental scenar-
ios.

On the other hand, ZS-CoT demonstrates to be more effective for the GPT-4o-mini than
for the Llama model at evaluation.

Regarding S5 (Role, SoT, and RAG), it has achieved the highest drop below the
average performance for both models (Llama = 0.961 and GPT-4o-mini = 0.945). This
difference can be attributed to the use of the SoT technique, which operates by sending
multiple parallel requests to the API. Both APIs were operated under Free Tier conditions,
meaning they ran on limited computing resources; even with these constraints, Llama out-
performed GPT-4o-mini, suggesting that the SoT technique enhanced Llama’s reasoning
for problem-solving issues.

Concerning the S6 (Role, SV, and RAG), the similarity measurements were prac-
tically identical between both models (Llama = 0.970 and GPT-4o-mini = 0.969). But
in S7 (Role, RaR, SoT, and RAG) and S9 (Role, ZS-CoT, SoT and RAG), both models
have a drop in measured performance, in contrast to the S8 (Role, RaR, SV, and RAG),
it shows a better performance to GPT-4o-mini (0.975) against Llama (0.963). In the sce-
nario S10 (Role, ZS-CoT, SV, and RAG), the Llama (0.973) outperformed GPT-4o-mini
(0.972), and surpassing its baseline. A closer examination reveals that the LLMs pro-
duced outputs with higher similarity to the ground-truth code when the SV technique was
employed, effectively driving the generated code toward greater correctness. Thus, these
findings suggest that incorporating the SV technique generally improves the alignment of
generated code with the reference outputs compared to scenarios where it is not applied.

Finally, scenarios S11 and S12 integrated Role, SoT, SV, and RAG as core tech-
niques, with the aim of exploring the feasibility of proposing new prompt templates (see
Section 6). Whereas S12 employs ZS-CoT, and by incorporating RaR technique in S11,
we observe that in S11 Llama presents its lowest score (0.944), while S12 shows a more
balanced performance for both models.

In order to determine whether the difference regarding performance measure be-
tween the LLMs over the scenarios (S1 to S12) is statistically significant w.r.t. the baseline
scenario (S0), we formulated and conducted the hypothesis tests, as outlined below.

For each pair S0 to Si (i ∈ [1,12]):

• H0: There is no significant difference between the performance of the baseline S0
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and the scenario Si, using LLMs GPT-4o-mini or Llama (µS0 = µSi).
• H1: There is significant difference in performance of LLMs GPT-4o-mini or

Llama in scenario Si w.r.t. baseline S0 (µS0 ̸= µSi).

We applied the Kolmogorov-Smirnov test [Dodge 2008] on 520 results generated
by the GPT-4o-mini and Llama models to assess whether the data followed a normally
distributed. The test results indicated that the measurements of both models are non-
normal distributions. Thus, the Wilcoxon signed-rank test [Woolson 2005] was conducted
to assess the performance across scenarios. For GPT-4o-mini, statistical differences (p <
0.05) were observed in scenarios S5, S7, S11, and S12, indicating deviations from baseline
performance and leading us to fail to reject the null hypothesis (H0). Conversely, scenarios
S1, S2, S3, S4, S8, and S10 exhibited no statistically significant differences (p > 0.05),
suggesting performance aligned with the baseline and thus rejecting H0.

Considering the Llama model, scenarios S1, S3, S5, S7, S9, S11, and S12 demon-
strated statistically significant difference over S0 (p < 0.05), supporting the rejection of
H0. Finally, S2, S4, S6, S8, and S10 did not present significant differences, and we therefore
fail to reject H0 for these cases.

6. Discussion
Throughout our investigation into which PE techniques should be employed, we observed
that many researchers predominantly utilize the Chain-of-Thought technique or design
new prompts that, in essence, represent combinations of existing strategies, even when
such combinations are not explicitly defined [Wang et al. 2024]. A key observation is
that much of the current literature emphasizes the development of new frameworks rather
than fully leveraging the potential of established PE methods. As a result, researchers
may overlook the fact that other techniques could effectively address many of the current
challenges.

Our findings suggest that certain prompts can significantly aid in improving an
LLM result. Particularly, in this work, we verified such hypothesis when applying the
PE techniques in order to generate Python code. Notably, we highlight that S1 (Role
and RAG) achieved the highest obtained code similarity value, despite being the smallest
PE combination, demonstrating that the LLMs have sufficient reasoning ability to gen-
erate code for specific problems without complex prompting. Similarly, S2 (Role, RaR,
and RAG) maintained excellent code similarity, despite incorporating the RaR prompt.
This led us to investigate why this technique underperformed in S8 and S11 when ap-
plied to Llama but not to GPT-4o-mini. Although scenarios S11 and S12 yielded lower
overall results, they provided a thought-provoking perspective, illustrating the potential
value of combining multiple PE techniques into reusable templates. However, designing
and implementing these scenarios required careful planning, detailed examination, and
precise adaptation to prevent mischaracterization or unintended interactions among the
techniques.

In analyzing the scenarios S4–S10, we observed that specific combinations of
prompt techniques lead to distinct code similarity outcomes depending on the LLM. This
suggests that certain models may struggle to solve problems without adequate contextual
structure. For example, GPT-4o-mini demonstrated superior performance in S8 (Role,
RaR, SV, and RAG) but underperformed in S5 (Role, SoT, and RAG), where the use of
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SoT introduced technical challenges, such as API request limitations and computing re-
source constraints. Despite having paid for API access, both GPT-4o-mini and Llama
were affected by Free Tier restrictions, requiring us to throttle requests and even pause
tests overnight to avoid errors. For Llama, the best-performing scenario was S4 (Role,
ZS-CoT, and RAG), whereas S7 (Role, RaR, SoT, and RAG) produced the lowest re-
sults. Furthermore, S3, S8, and S11 performed better with GPT-4o-mini, while S5 yielded
stronger results with Llama, suggesting that certain prompt combinations may be more
suitable to specific LLM architectures.

Therefore, we may then answer our central research questions (“Can the combi-
nation of prompt engineering techniques bring more effective results when using LLMs?
Do some techniques that have not yet been much studied, have potential for more ac-
curate results on such combination?”). Our findings indicate that there is indeed poten-
tial in combining prompt techniques, rather than relying solely on the most commonly
used prompts. We demonstrate that certain PE combinations, when applied to the Llama
model, can outperform GPT-4o-mini and vice versa. Notably, through the formulated hy-
pothesis test, we confirmed that our combined approach resulted in statistically significant
improvements over the baseline.

7. Conclusion
This paper presented an evaluation of PE techniques, focusing on the potential of com-
bining multiple techniques and assessing their effectiveness using the BERTScore met-
ric. While the Role, RaR and RAG PE techniques demonstrated higher scores across two
evaluation scenarios (in both GPT-4o-mini and Llama models), we do not claim that these
combinations are categorically superior to the others. Instead, our findings reveal several
alternative configurations that exhibit strong potential and may serve as valuable tem-
plates for future prompt engineering efforts. We emphasize the importance of exploring
combinatorial approaches to PE, moving beyond the isolated use of individual techniques
or the exclusive development of new frameworks. This direction may offer more versatile
and robust solutions for LLM-based applications.

We observed that the Llama model offers more opportunities for experimentation
compared to the OpenAI one, mainly due to its more accessible cost profile. It is worth
mentioning that our study was limited by some constraints in terms of available com-
putational resources and a relatively small set of evaluation questions, as scaling up the
number of evaluation tasks would have significantly increased both the financial cost and
processing time of API requests, making larger-scale experimentation impractical within
the scope of this work.

This work establishes a foundation for future research in some directions: sys-
tematically testing additional combinations of PE techniques, developing standardized
prompt templates to enhance LLM response accuracy, and extending evaluations to in-
clude other LLMs, such as Gemini and DeepSeek. Future work may also explore metrics
like Pass@K and apply PE strategies to broader domains. Collectively, these directions
have the potential to advance the field of prompt engineering and improve the practical
capabilities of LLMs across various applications.

The code underlying this study has been made available in a GitHub repository5.
5Combiner PE techniques
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