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Abstract

In-context learning (ICL) enables Large Language Models (LLMs) to generate pre-
dictions based on prompts without additional fine-tuning. While prompt engineering has
been widely studied, the impact of role design within prompts remains underexplored.
This study examines the influence of role configurations in zero-shot and few-shot learn-
ing scenarios using GPT-3.5 and GPT-4o from OpenAI and Llama2-7b and Llama2-13b
from Meta. We evaluate the models’ performance across datasets, focusing on tasks
like sentiment analysis, text classification, question answering, and math reasoning. Our
findings suggest the potential of role-based prompt structuring to enhance LLM perfor-
mance. The code has been released at anonymous GitHub.
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1. Introduction

Large language models (LLMs) have demonstrated strong performance on a wide range
of natural language tasks, including question answering [1], sentiment analysis [2], and text
classification [3]. Models such as GPT-3 [4] and Llama [5] have been central to this progress.

In-context learning (ICL) has emerged as an important paradigm in natural language
processing (NLP) [6]. In ICL, models generate predictions from prompts that include a
small number of examples, allowing them to adapt to new tasks without retraining. This
makes ICL especially useful for flexible deployment across tasks with limited supervision.

Although prompt optimization has been widely studied, much of the focus has been on
content selection and prompt structure rather than the explicit use of conversational roles
[7]. Role-based prompting organizes input through system, user, and assistant roles, but
its effect on model behavior remains underexplored. Understanding these role effects may
provide new guidance for prompt engineering.

In this paper, we examine role design in zero-shot and few-shot settings using GPT-3.5,
GPT-4o, Llama2-7b, and Llama2-13b [8]. We evaluate performance across sentiment analy-
sis, text classification, question answering, and mathematical reasoning. We also introduce
structural accuracy as a secondary metric to measure compliance with the intended prompt
format.

Our results show that predefined roles often improve performance without changing the
main prompt content. For more complex reasoning tasks, however, additional prompt refine-
ments are needed. Code, implementation details, and datasets are available in the anony-
mous repository.1

1GitHub Code

https://anonymous.4open.science/r/Role_Based_In-Context-Learning-C20D/README.md
https://github.com/hrouzegar/Role_Based_In-Context-Learning
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2. Related Works

Significant research has been conducted in prompt engineering and in-context learning
(ICL). ICL refers to the ability of LLMs to make predictions from input prompts without
additional fine-tuning [6]. Although some work has explored training or fine-tuning methods
to improve ICL [9–11], ICL is generally studied at the inference level, where performance
depends mainly on prompt design rather than model modification [12].

Much of the ICL literature focuses on three components: example selection, instruction
engineering, and prompt formatting. Example selection methods aim to identify the most
useful demonstrations for few-shot learning and may rely on k-nearest neighbors (KNN)
[13], mutual information [14], perplexity estimation [15], or reinforcement learning [16].
Instruction engineering has also been studied through methods such as Instruction Induction
[17], APE [18], and SELF-INSTRUCT [19], all of which seek to improve the model’s ability
to follow task instructions.

Prompt formatting is another important line of work. Chain-of-Thought prompting [20]
encourages reasoning through demonstrations, while variants such as complex CoT [21] and
Auto-CoT [22] refine this idea. Related methods include Self-Ask [23], which decomposes
complex questions into sub-questions, and Memory-of-Thought (MoT) [24], which stores
high-confidence reasoning traces as external memory. Other approaches such as SuperICL
[25], iCAP [26], Least-to-Most prompting [27], and TAPP [28] further explore structured
prompting for improved reasoning and generalization.

Recent work has also examined role-play prompting for reasoning [29], but most studies
use predefined personas in zero-shot settings and do not systematically compare their effects
across different learning paradigms. Prior research has also tended to treat zero-shot and
few-shot prompting separately, even though few-shot prompting does not always outperform
zero-shot and often depends on task and example choice. In contrast, our study examines
role-based prompt structuring across both zero-shot and few-shot settings, including several
few-shot configurations beyond the standard three-example setup.

3. Methodology

3.1. Datasets

Following [30] and [31], we evaluated prompt designs on a diverse set of datasets spanning
classification, question answering, and reasoning tasks. To include a more challenging rea-
soning benchmark, we also added a math word problem dataset. The datasets used in our ex-
periments are: commonsense_qa [32], ai2_arc [33], wiki_movie_plots [34], IMDB_reviews
[35], and the MATH dataset [36].

3.2. Prompt Designs

We used four LLMs: GPT-3.5-turbo-0125 and GPT-4o from OpenAI, and Llama2-7b-
chat and Llama2-13b-chat from Meta [4, 5]. To examine the effect of role design, we tested
five prompt configurations across all tasks: ZeroU, ZeroSU, FewU, FewSU, and FewSUA. In
these setups, the system prompt provides task-level instructions, the user prompt presents
the query, and the assistant prompt contains the model response (Table 1).

• ZeroU: All instructions are placed in a single user prompt.
• ZeroSU: The instruction is placed in a system prompt, followed by the user input.
• FewU: Few-shot examples and the test query are included in a single user prompt.
• FewSU: Few-shot examples are separated from the user query and paired with a

system instruction.
• FewSUA: Few-shot examples are split across system, user, and assistant roles.
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For the MATH dataset, we extended these five base designs with four prompt variants:
(1) Basic Math: The standard five configurations adapted to math questions.
(2) Specialized Math: System instructions were rewritten to explicitly request a letter

answer.
(3) Explanation Request: The model was asked to provide its answer and then

explain its reasoning.
(4) Reasoning-First: The model was asked to explain its reasoning before giving the

final answer.
This produced 20 math prompt designs in total. Keeping the same five role structures

across all four variants allowed us to isolate the effects of role design and task-specific
instruction refinement.

4. Experimental Setup

4.1. Data Preparation and Model Configuration

For each dataset, we selected balanced subsets to ensure fair evaluation across labels and
answer choices. For classification tasks, we balanced the categories; for question answering
and math word problems, we balanced the multiple-choice answers. In the few-shot setting,
we randomly selected three examples per dataset and ensured that they were excluded from
the test set.

All GPT and Llama models were run with temperature set to 0.0 to reduce randomness
and improve determinism. Other parameters, including maximum sequence length and
batch size, were tuned for each task.

4.2. Prompt Construction

We used a consistent prompt structure across all datasets, consisting of two parts: a
high-level instruction and task-specific input. The instruction defined the task and output
format, while the input contained the actual example to be processed. For few-shot settings,
the examples were placed before the test input in the prompt.

We evaluated five prompt designs: ZeroU, ZeroSU, FewU, FewSU, and FewSUA. ZeroU
places all content in a single user prompt, ZeroSU separates the instruction into a system
prompt, FewU combines examples and input in one user prompt, FewSU separates the
system instruction from the user content, and FewSUA splits the examples across system,
user, and assistant roles.

4.3. Adaptive Prompt Design

For the MATH dataset, we further tested four prompt variants to study more complex
reasoning behavior. Basic Math used the standard five prompt designs with minor math-
specific changes. Specialized Math revised the instruction to explicitly request a letter
answer. Explanation Request asked the model to provide an answer and then explain its
reasoning. Reasoning-First reversed this order by asking for reasoning before the final
answer.

These four variants produced 20 math prompt designs in total. This setup let us compare
both role-based prompting and task-specific refinement under increasing reasoning demands.

4.4. Evaluation Metrics

We used F1 score as the main metric for classification and question answering tasks.
Structural accuracy measured whether the model output followed the required format, such
as a single genre word, a sentiment label, or a single multiple-choice letter.
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Structural accuracy was evaluated independently of correctness. For example, an output
such as D was considered structurally correct for ai2_arc, while outputs like “D: state park”
were not. For F1, we post-processed model outputs to extract the predicted label and
compare it to the gold label.

5. Results

The results are summarized in Tables 2 and 3. Overall, the experiments show that role
design affects both task performance and output structure, with different prompt formats
working better for different models and tasks.

5.1. General NLP Task Performance

For the general NLP tasks in Table 2, the FewSUA configuration usually achieved the best
F1 scores, suggesting that clear role separation and few-shot examples improve performance.
For the Llama models, FewU and FewSU often reduced F1, indicating that placing examples
inside user prompts may increase incorrect outputs or hallucinations.

GPT models generally achieved high structural accuracy, while Llama models more often
produced outputs that did not match the requested format. Even so, FewSUA improved
structural adherence for Llama models, making it useful when output formatting matters.
Llama2-13b also performed better than Llama2-7b in structural accuracy, and in some tasks
such as movie genre classification and sentiment analysis, it produced results comparable to
GPT models.

5.2. Mathematical Reasoning Task Performance

The MATH results in Table 3 show a different pattern. For GPT-3.5, ZeroSU performed
best in both the Basic Math and Specialized Math settings, even when structural accuracy
was not always highest. This suggests that stricter output formatting does not necessarily
improve reasoning performance.

Adding explanations improved F1 in some cases, especially in the Explanation Request
and Reasoning-First settings. In the latter, we did not evaluate structural accuracy because
the prompt intentionally prioritized reasoning before the final answer. GPT-4o showed
similar but more stable trends. The Llama models performed poorly overall on math tasks,
although Llama2-13b achieved its strongest result in the FewSUA setting.

Across tasks, the results suggest that optimal prompt design depends on both the model
and the task. FewSUA works best for standard NLP tasks, while reasoning-heavy tasks
benefit more from prompts that allow explanation and flexibility. Structural accuracy is
therefore useful, but it does not always align with task performance.

6. Limitations and Future Works

This study is limited to a small set of tasks and datasets. Future work could expand to
other NLP tasks such as summarization and translation to test whether the same prompt
effects hold across broader settings.

We only used predefined roles for instruction-tuned LLMs, so future studies could explore
task-specific roles and test whether the approach transfers to non-instruction-tuned models.
It would also be useful to evaluate larger Llama models and examine the relationship between
structural accuracy and downstream performance more closely. Adaptive prompt designs
that adjust to both task and model are another promising direction.
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Conclusion

This study examined role-based prompt design and task-specific prompt engineering
across several NLP tasks and mathematical reasoning problems. Our results showed that the
FewSUA configuration generally performed best on standard NLP tasks, while reasoning-
oriented prompts performed better on math tasks.

We also found that larger models generally outperformed smaller ones, although Llama2-
13b was competitive on some simpler NLP tasks. Overall, the findings suggest that effective
prompt design depends on both the task and the model, and that allowing models to explain
their reasoning can improve performance on more complex problems.
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Task Instruction: "Determine the genre of the movie based on the provided plot. For the plot
provided, classify its genre as a single word (without other marks or words like ’genre:’), either

Comedy, Action, Drama, or Horror."
Prompt Type Example
ZeroU User: [Task Instruction] Plot[i]

LLM Output: "Action"
ZeroSU System: [Task Instruction]

User: Plot[i]
LLM Output: "Drama"

FewU User: [Task Instruction]
"Example 1: Plot[1] - Genre[1]"
"Example 2: Plot[2] - Genre[2]"
"Example 3: Plot[3] - Genre[3]"
Plot[i]
LLM Output: "Comedy"

FewSU System: [Task Instruction]
User: "Example 1: Plot[1] - Genre[1]"
"Example 2: Plot[2] - Genre[2]"
"Example 3: Plot[3] - Genre[3]"
Plot[i]
LLM Output: "Horror"

FewSUA System: [Task Instruction]
User: Plot[1]
Assistant: Genre[1]
User: Plot[2]
Assistant: Genre[2]
User: Plot[3]
Assistant: Genre[3]
User: Plot[i]
LLM Output: "Action"

Table 1. Examples of different prompt designs used in this study. Each design modifies
role assignment or omits roles while maintaining the same classification task.
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Dataset LLM ZeroU ZeroSU FewU FewSU FewSUA

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

commonsense_qa

GPT-3.5 24 68 60 68 20 69 55 68 100 73

GPT-4o 100 77 100 80 99 79 100 82 100 83

Llama2-7b 0 19 0 19 0 18 0 19 67 9

Llama2-13b 0 33 0 36 0 36 0 36 99 28

ai2_arc

GPT-3.5 73 76 39 80 60 80 87 78 99 85

GPT-4o 99 96 100 96 100 95 100 96 100 97

Llama2-7b 0 36 0 39 0 26 0 25 9 40

Llama2-13b 0 50 0 52 0 39 0 37 77 48

wiki_movie_plots

GPT-3.5 99 76 99 79 99 77 99 76 99 77

GPT-4o 100 80 100 81 100 81 100 82 100 84

Llama2-7b 0 75 0 75 0 68 0 70 25 74

Llama2-13b 0 73 0 75 0 72 0 75 64 85

IMDB_reviews

GPT-3.5 100 94 100 93 100 93 100 67 100 94

GPT-4o 100 95 100 95 100 96 100 92 100 97

Llama2-7b 1 87 1 87 0 62 0 60 18 85

Llama2-13b 3 91 3 90 0 64 0 67 82 93

Table 2. Performance results of various language models using different prompt
designs on various datasets. The table includes Structural Accuracy (Str. Acc.) and F1
scores for each method: ZeroU (Zero-shot User-only), ZeroSU (Zero-shot System and
User), FewU (Few-shot User-only), FewSU (Few-shot System and User), and FewSUA
(Few-shot System, User, and Assistant).

Prompt Design LLM ZeroU ZeroSU FewU FewSU FewSUA

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Str.
Acc.

F1
Score

Basic Math GPT-3.5 0.03 0.24 0.03 0.38 0.62 0.24 0.80 0.24 1.00 0.26

GPT-4o 1.00 0.33 1.00 0.35 1.00 0.36 1.00 0.37 1.00 0.40

Specialized Math GPT-3.5 0.27 0.31 0.00 0.53 0.96 0.23 0.25 0.29 1.00 0.24

GPT-4o 0.74 0.39 0.63 0.42 0.90 0.35 0.99 0.35 1.00 0.41

Explanation Request GPT-3.5 0.00 0.44 0.00 0.47 0.63 0.25 0.02 0.47 0.99 0.25

GPT-4o 0.29 0.49 0.30 0.49 1.00 0.31 1.00 0.32 0.99 0.40

Reasoning-First GPT-3.5 N/A 0.47 N/A 0.51 N/A 0.55 N/A 0.50 N/A 0.58

GPT-4o N/A 0.45 N/A 0.46 N/A 0.49 N/A 0.48 N/A 0.53

Table 3. Performance results of GPT-3.5 and GPT-4o models using different prompt
designs on the MATH dataset. The table includes Structural Accuracy (Str. Acc.) and
F1 scores for each method: ZeroU (Zero-shot User-only), ZeroSU (Zero-shot System
and User), FewU (Few-shot User-only), FewSU (Few-shot System and User), and
FewSUA (Few-shot System, User, and Assistant). The prompt designs progress from
Basic Math to Reasoning-First, reflecting increasing complexity in instruction structure.
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