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Introduction

Al language models like ChatGPT(GPT-4), Claude,
Grok, PI, and Gemini Advanced have revolutionized
various domains with their remarkable capabilities.
However, their performance varies significantly
depending on the prompting techniques and the domain
of application. This research investigates the
performance of these models across zero-shot, few-shot,
and chain-of-thought prompting techniques in three
domains: HELLASWAG (common-sense reasoning),
TRUTHFULOQA (popular misconceptions), and Game
Theory (textbook problems). By evaluating the models
using a qualitative scoring rubric and exploring a novel
domain, we aim to identify the most effective prompting
strategies, gain insights into their strengths and
limitations, and inform future research and development
efforts in this field. The insights gained will contribute to
the academic discourse on Al language models and guide
practitioners on effectively leveraging these tools in their
respective domains.

Background:

Zero-shot prompting tests a model's ability to
generate relevant responses without prior examples,
while few-shot prompting provides a small set of
examples to guide the model's response. Chain-of-thought
prompting encourages step-by-step reasoning, allowing
for more transparent and interpretable responses.
ChatGPT and Claude are currently leading, with Grok and
PI showing promising results. Evaluating model
performance across diverse domains is crucial for
assessing generalizability and robustness. Models may
excel in common-sense reasoning (HELLASWAG) but
vary in handling popular misconceptions (TRUTHFULQA)
or specialized fields like Game Theory. This research
builds upon existing knowledge while exploring novel
domains and evaluation methods, contributing to the
advancement of natural language processing and Al

Methodology

This study's methodical approach was designed to
thoroughly evaluate AI language models across three
specific domains, each chosen for its unique cognitive
challenges: HELLASWAG for common-sense reasoning,
TRUTHFULQA for identifying and correcting popular
misconceptions, and Game Theory for assessing strategic
and logical reasoning. These domains were selected not
only for their relevance but also for their diversity,
allowing for a comprehensive assessment of each model's
adaptability and proficiency across a broad spectrum of
tasks.

Data Preparation: The meticulous data cleaning and
preparation phase was crucial, given the varied nature of
the datasets. For HELLASWAG and TRUTHFULQA,
extensive efforts were made to review and reformat
questions and prompts to align with the distinect
prompting techniques—zero-shot, few-shot, and chain-of-
thought. This rigorous preparation ensured consistency
and reliability in the models' interactions with the
prompts, a foundational aspect of our performance
assessment.

Scoring System: At the heart of our evaluation
methodology was a qualitative scoring rubric,
meticulously crafted to measure three key aspects of
model performance: accuracy, coherence, and fluency.

Accuracy assessed how well the model's response
aligned with the expected answer or the requirements of
the task.

Al Model Performance by Score Type for HELLASWAG

Methodology (contd.)

Coherence examined the logical consistency and
relevance of the model's response within the context of
the given task.

Fluency evaluated the readability and linguistic
quality of the response, with a focus on grammatical
correctness and stylistic fluidity. Each model's response
was scored on a scale from 1to 5, where 1 indicated poor
performance and 5 represented exemplary performance.
This nuanced scoring system allowed for detailed
assessments of each model's capabilities across different
domains and prompting techniques.

Evaluation Process: Responses were elicited from
each model using a standardized interface, where inputs
were manually fed, and outputs were systematically
recorded. To ensure objectivity and inter-rater reliability,
multiple evaluator systems e.g., Qualitative GPT evaluator
were implemented that scored the responses.

Discrepancies in scoring were meticulously considered
and mitigated to ensure consistency and accuracy in the
results.

Analysis: The collected data were carefully
analyzed to identify patterns and trends in model
performance, focusing on strengths and weaknesses
specific to each prompting technique and domain. This s
analysis provided deep insights into how different models
adapt to varied cognitive tasks and the implications for
their practical application in real-world settings.

Score

Score

1 2 3 4 5
Accuracy Completely Partially correct Mostly correct Completely Exceptionally
incorrect or answer with answer with correct answer accurate and
irrelevant significant minor errors or with no errors comprehensive
answer errors or omissions or omissions answer that
omissions goes beyond 1
the expected
output
Fluency Severe Frequent Occasional Minimal Exceptional
grammatical grammatical grammatical grammatical linguistic 0
errors, errors, errors, mostly  errors, natural quality, highly
incoherent awkward natural and fluent natural and
structure, and phrasing, and phrasing, and phrasing, and engaging
unnatural poor readability adequate good phrasing, and
phrasing readability readability excellent
readability
Coherence Completely Significant Mostly Coherent, Exceptionally
incoherent, inconsistencies coherent and relevant, and coherent,
irrelevant, or , off-topic relevant contextually insightful, and
contradictory elements, or response with  appropriate contextually
response contextual minor response with nuanced
misalignments inconsistencies no notable response that :
or contextual inconsistencies enhances the
issues overall dialogue
Task-specific No Limited Adequate Strong Exceptional
measures (e.g., understanding understanding understanding understanding understanding
Game Theory) of of of of of o
game-theoretic game-theoretic game-theoretic game-theoretic game-theoretic B
concepts, concepts, concepts, concepts, concepts,
irrational suboptimal reasonable optimal insightful
strategies, or  strategies, or  strategies, and strategies, and strategies, and
irrelevant partially mostly relevant highly relevant innovative or
response relevant response response nuanced
response response !
Results

In the HELLASWAG domain, Few-shot prompting
demonstrated superior performance, notably enhancing
the accuracy, coherence, and fluency of responses from
models like and . Additionally, models
like and PI showed remarkable improvements with
Few-shot prompting, where the provided examples
significantly helped these models understand the
nuances of common-sense reasoning tasks better than
Zero-shot prompting.

In the TRUTHFULQA domain, the efficacy of Few-
shot prompting was again proven by its consistent
outperformance over Zero-shot and Chain-of-Thought.
This technique was particularly beneficial for models like

, Which excelled in correcting
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Resulits (Contd.)

misconceptions and providing detailed, accurate
responses. Grok, on the other hand, demonstrated a
unique ability to leverage a few examples to produce
highly coherent responses, showcasing its potential in
tasks requiring critical correction of popular
misconceptions.

The Game Theory domain presented unique
challenges, where the complexity and need for strategic
thinking were more pronounced. Here, Few-shot
prompting was less effective overall but still beneficial.
Models like PI and Gemini Advanced showed that even
limited examples could enhance their strategic analysis,
albeit not as dramatically as in simpler domains. Despite
the challenges, these models managed to apply strategic
concepts more effectively when provided with some
context, highlighting the potential of Few-shot in teaching
Al models complex problem-solving.

Discussion:

This detailed analysis enhances our understanding
of how different prompting techniques affect the
performance of a variety of Al models across complex
tasks. The importance of context-sensitive evaluation is
underscored by the results, showing that optimal
prompting strategies significantly impact model
effectiveness, particularly in nuanced or complex
application areas.

The variability in performance across models like
ChatGPT, Claude, Grok, PI, and Gemini Advanced
highlights the need for adaptive strategies in AI model
development and deployment. Each model has shown
strengths that can be maximized and weaknesses that can
be mitigated through tailored prompting techniques. For
instance, while Grok and PI may excel in scenarios where
a few contextual clues are provided, Gemini Advanced
might require a more structured approach to achieve its
best performance.

Moreover, the ongoing evaluation and benchmarking
process is crucial as Al technology continues to evolve.
Regular reevaluations ensure that models remain
effective and relevant, adjusting to new data and real-
world applications. This continuous cycle not only aids in
fine-tuning the models but also deepens our
understanding of their evolving capabilities and
limitations, which is essential for their successful
deployment in dynamic real-world scenarios.

Future Directions

« Expand Domain-Specific Research: Collaborate with
domain experts to refine evaluation rubrics,
particularly in complex areas like Game Theory, to
enhance model assessment precision.

 Fine-Tuning and Bias Assessment: Investigate the
impact of fine-tuning on domain-specific datasets and
assess potential biases to ensure ethical model
performance across diverse scenarios.

 Develop Nuanced Evaluation Metrics: Create more
sophisticated metrics that capture context-sensitivity
and ethical reasoning, improving the depth of model
evaluations.

« Explore Innovative Prompting Techniques: Test novel
prompting strategies such as adaptive prompting, Tree-
of-thoughts, adversarial and zero-few-shot prompting
to assess their benefits and limitations.

« Enhance Methodology Robustness: Increase sample
sizes and integrate automated evaluation methods to
complement manual scoring for more extensive and
scalable analysis.



