The Infinite within the Finite: The Impact of Prompt Types and Interaction
Frequency on the Cyclic Boundaries of AI-Generated Responses

Abstract: Understanding, evaluating, and enhancing Al performance in multi-turn
dialogues has become a crucial issue. This study employs 18 controlled experiments (6
by 3 factorial design) to investigate the impact of prompt types and the number of
dialogues turns on the cyclic boundaries of Al-generated responses. By analyzing the
average similarity and repetition rates of Al-generated text, the study identifies and
examines three distinct boundaries of Al response cycles: "knowledge convergence,"
"knowledge exploratory diffusion," and "innovative generation transformation."
Prompts with high convergence tend to lead Al responses towards consistency, relying
on repeated combinations of existing knowledge. In contrast, non-convergent prompts
encourage Al to deviate from established logic, generating responses with lower
repetition rates and exploring new knowledge. Adjustments in prompt convergence and
the number of dialogue turns facilitate Al’s transition from fixed patterns to more
innovative generation. The formation of Al's cyclic boundaries is not only a gradual
process but also significantly influenced by prompt design and interaction frequency.
While machine learning models perform well in similarity classification tasks, they
show limitations in more complex tasks involving repetition rates and similarity
regression, highlighting the challenges in capturing the cyclic boundaries of Al-
generated content.
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1. Introduction

Currently, understanding, evaluating, and optimizing Al performance in multi-turn
dialogues has emerged as a critical issue. Al often exhibits a phenomenon referred to
as "generation cyclic boundaries" during prolonged conversations, wherein the Al,
constrained by its training data, algorithmic models, and predefined rules, repeatedly
generates or centers around limited patterns or content. The theoretical foundations of
this phenomenon can be traced back to self-referential problems in logic and philosophy,
such as Russell's Paradox and G6del’s Incompleteness Theorems (Russell, 1901; Godel,
1992), which reflect the logical loops Al might encounter when engaging in self-
reference. At the model level, issues like overfitting and underfitting in machine
learning (Hastie et al., 2009) suggest that AI, when overly reliant on historically
generated content, may fall into cycles that fail to capture the complexity of the data,
leading to a lack of diversity in generated outputs.

The necessity of studying Al-generated cyclic boundaries is particularly critical in
the dimensions of data generation, data governance, and data prediction. The cyclic
boundary phenomenon in multi-turn dialogues results in homogeneous content, which
diminishes user experience and reduces the effectiveness of information dissemination.



Furthermore, as China continues to develop its data governance systems, establishing
robust frameworks for data governance can ensure the accuracy and reliability of
generated content, minimizing the negative impact of cyclic boundaries on content
quality. Additionally, understanding AI’s cyclic boundary phenomenon will enhance its
predictive capabilities. With increasing national attention on data security, privacy
protection, and compliance (Li Xueqin et al., 2024), the application of generative Al
must operate within well-regulated data governance frameworks. Theoretical and
experimental explorations of Al-generated cyclic boundaries not only improve overall
Al system performance but also play a crucial foundation for China’s role in global data
governance and Al technological development.

Therefore, this study aims to explore the influencing factors of Al-generated cyclic
boundaries in depth. Through systematic experiments, we analyze the effects of
different problem types (fully convergent, semi-convergent, and non-convergent) and
dialogue frequencies (50, 100, and 150 turns) on the similarity and novelty of content
in multi-turn dialogues. This research establishes metrics to evaluate when Al reaches
its generation cyclic boundary, addressing gaps in the current literature. By employing
cross-validation, mixed-effects analysis, and machine learning methods to examine
variations in generated content, this study provides theoretical insights and practical
recommendations for improving the quality and diversity of Al-generated outputs.

2. Literature Review
2.1 Scholarly Background on AI-Generated Cyclic Boundaries

In recent years, generative models have made significant advancements in the field
of Natural Language Processing (NLP) (You Zhiyu et al., 2024), especially with the
emergence of deep learning architectures such as the Transformer model, which has
accelerated the development of text generation technologies (Vaswani et al., 2017).
These models are capable of generating coherent natural language output by learning
from large-scale text data; however, challenges remain in achieving diversity and
innovation in the generated content. The concept of a cyclic boundary in generative
models was first used to describe the phenomenon where Al-generated content in multi-
turn dialogues tends to stabilize and repeat with continued interaction (Radford et al.,
2019). Scholars have defined this as the point at which the text generated by Al within
a specific dialogue context gradually reaches a critical threshold of similarity and
repetition after multiple interactions (Roberts et al., 2019). Particularly in multi-turn
dialogues, reaching the cyclic boundary leads to a lack of innovation in the generated
content, negatively impacting user experience and interaction quality (Goh et al., 2007).
While the types of problems and the number of interactions significantly affect the onset
of cyclic boundaries, the precise mechanisms remain insufficiently understood.

In machine learning, the theories of overfitting and underfitting provide valuable
perspectives for understanding Al-generated cyclic boundaries (Hu Hanqging et al.,
2023). Overfitting occurs when a model becomes overly sensitive to training data,
resulting in poor performance on new data; underfitting, on the other hand, indicates
the model's inability to effectively capture complex patterns within the data. These
phenomena are closely related to the cognitive cyclic boundaries in Al, as they can



cause the model to fail to break out of established generative patterns, ultimately
manifesting limitations. Furthermore, self-referentiality and cyclicality theories,
grounded in logic and philosophy, explore how systems may fall into logical loops
when engaging in self-reference (Xiong Ming, 2014). When generating content, Al
models often reason and generate based on existing knowledge; however, this self-
referential process can result in content repetition and pattern rigidity.

Thus, this study proposes a novel analytical framework by quantifying the extent
of cyclic boundary engagement, specifically combining the dimensions of self-
referentiality and cyclicality. Self-referentiality is assessed by evaluating the cosine
similarity between generated texts to determine whether the model is falling into
repetitive patterns. The cyclicality dimension emphasizes the frequency of self-
referential content in Al generation, using n-gram repetition rates to detect frequent use
of the same phrases or logic. This comprehensive analytical framework provides a
theoretical basis for a deeper understanding of the cyclic boundaries in Al-generated
content.

2.2 The Impact of Prompt Types on Al Responses

In multi-turn AI dialogues, the type of prompt significantly influences the quality
of Al-generated responses. Based on the characteristics of the prompt, the study
categorizes prompts into three types: fully convergent, semi-convergent, and non-
convergent. In mathematics and economics, convergence refers to the process where a
sequence, function, or series approaches a point or value (Zhang Zepan & Ma Wanglin,
1992). In this study, fully convergent prompts guide Al to generate clear and finite
answers; semi-convergent prompts allow for some content diversity in specific
directions, promoting flexibility in the generated responses; non-convergent prompts
are more open-ended, encouraging the Al to explore a broader range of topics (Xiao et
al., 2020). This classification not only aids in understanding Al’s performance in
different dialogue scenarios but also provides a theoretical basis for optimizing prompt
design.

Previous research has shown that different types of prompts have a significant
impact on the quality of Al responses. Prompts with definitive conclusions tend to guide
Al toward consistent and high-quality responses, demonstrating stability and reliability
(Liet al., 2016). On the other hand, semi-open-ended prompts enhance the diversity of
generated content to a certain extent, though they may also introduce uncertainty in the
information. Open-ended prompts often lead to more creative and personalized
responses, though this can be accompanied by higher noise and lower consistency
(Wang et al., 2021; Fu et al., 2022). When handling non-convergent prompts, the quality
of Al responses can vary significantly, reflecting sensitivity to the prompt’s
characteristics.

The innovation of this study lies in its focus not only on the quality of Al responses
in single interactions but also on the repeated interactions to explore Al-generated
cyclic boundaries. Prior research primarily focused on single texts and one-time
dialogues, failing to fully reveal the limits of Al capabilities. This study, through multi-
turn dialogues, measures the impact of different prompt types and dialogue frequencies



on Al-generated content, providing a more comprehensive understanding of Al’s
performance in multi-turn dialogue contexts. This approach helps uncover patterns of
consistency, diversity, and convergence in Al-generated content, expanding the
understanding of AI’s generative mechanisms.

2.3 The Impact of Interaction Frequency on AI Responses

In recent years, interaction frequency in multi-turn dialogues has been recognized
as having a significant impact on the quality of Al-generated content. Previous studies
have indicated that single-turn dialogues are insufficient to capture the behavior
characteristics of multiple user interactions (Chang Baofa et al., 2024); moderate
interactions can stimulate creativity in generated content, enhancing user experience
(Pervez, 2024; Lin et al., 2024). However, when the number of interactions exceeds a
certain threshold, the novelty of the content begins to decline significantly, with
generated responses often becoming highly repetitive and lacking in innovation. For
example, Edlund et al. (2019) found that in multi-turn dialogues, excessive interactions
can reduce content diversity, causing Al responses to become more mechanical.

Previous studies have shown that moderate interaction frequency enhances the
creativity of Al-generated content, whereas excessive interaction can lead to repetitive
and mechanical responses. Multi-turn dialogues are better at capturing user behavior
characteristics compared to single-turn dialogues, highlighting the importance of
studying AI’s generative capabilities in multi-turn dialogue contexts. Additionally, as
interaction frequency increases, the balance between content diversity and consistency
shifts. Therefore, further exploration of the impact of interaction frequency on content
quality is needed. By quantifying the optimal combination of interaction frequency and
prompt type, it may be possible to reveal the limits and optimization potential of Al-
generated content.

However, existing research has primarily focused on evaluating the quality of
single texts or single interactions, failing to fully capture the limits of Al generative
capabilities. This study innovatively combines interaction frequency with prompt types,
using repeated interactions to measure Al-generated cyclic boundaries. By analyzing
the performance of different types of prompts in multi-turn dialogues, the study aims
to identify key factors that affect Al-generated content, providing empirical support for
optimizing the creativity and diversity of dialogue systems.

3. Experimental Design
3.1 Variable Design and Definitions
3.1.1 Classification and Explanation of Prompts

The independent variables in this study include prompt types and the number of
dialogue cycles. The prompt types are subdivided into three categories: fully convergent,
semi-convergent, and non-convergent. Fully convergent prompts are designed to
generate clear and finite responses, with content that tends to be consistent. Semi-
convergent prompts allow for a certain degree of diversity within a defined framework,
promoting some flexibility in the generated responses. Non-convergent prompts are



highly open-ended and capable of eliciting discussions on a wide range of topics. The
number of dialogue cycles is set at 50, 100, and 150 turns, to systematically observe
changes in the generated content across different interaction frequencies. This graded
design not only clarifies the direct impact of interaction frequency on the quality of Al-
generated content but also explores its influence on the cyclic boundaries.

Examples of fully convergent prompts include: (1) "Explain the chemical
principles of acid-base neutralization reactions," where the Al is expected to provide
clear, finite scientific principles and definitions, leading to answers that typically
converge on the same chemical equations and mechanisms; and (2) "Describe the
classification and characteristics of planets in the solar system," which involves specific
classification standards and characteristics, with content centered on known planetary
attributes, yielding consistent and verifiable results.

Examples of semi-convergent prompts include: (1) "Explain how social media
influences the daily lives of young people and discuss both positive and negative
effects." This allows for diverse answers within the framework of positive and negative
impacts, though the generated content will vary based on different perspectives; and (2)
"Describe the applications of artificial intelligence in the medical field and propose
possible breakthroughs for the future." While the description of current applications
may be diverse, there will be some consistency in certain aspects.

Non-convergent prompts include: (1) "How can humans achieve immortality?"
This highly open-ended question spans ethics, science, philosophy, and other fields,
leading to content that encompasses various assumptions and theories without a fixed
answer; and (2) "How can humans communicate with extraterrestrials?" This question,
similarly open, allows for exploration of a variety of communication methods and
theories, with generated content drawing from scientific, science fiction, and cultural
perspectives.

3.1.2 Dependent Variables

The dependent variable is the Al-generated cyclic boundary, operationalized using
the variation in Al-generated content. The metric used to assess this is a weighted value
of the average similarity and repetition rate of the generated text. Similarity is
calculated using cosine similarity algorithms (Chen Dali et al., 2014), which involve
representing the text as vectors and measuring the cosine of the angle between them to
evaluate similarity. Specifically, for each pair of texts, they are first transformed into
word frequency vectors, which involves tokenizing the text and counting word
occurrences. Next, the dot product of the two vectors is calculated, and this is compared
with the product of their magnitudes to obtain the cosine similarity. The formula is as
follows:

A-B
Cosine Similarity = —

1Al B

Where A and B are the vector representations of the two texts, and |A| and |B|
represent their magnitudes. The cosine similarity value ranges from -1 to 1, with values



closer to 1 indicating higher similarity between the texts. This method is widely used
in text similarity research, particularly in information retrieval and natural language
processing, to effectively assess the degree of similarity between content (Wu
Yongliang et al., 2017).

Repetition rate is calculated using the n-gram method (Wu Yingliang et al., 2001),
where the generated text is divided into continuous n-gram fragments (typically 2-
gram), and the frequency of each fragment’s occurrence is counted. The choice of n is
based on specific criteria; this study employs 2-gram to more effectively capture the
structure of phrases and sentences. The formula for calculating repetition rate is as
follows:

Repetition Rate = M
N total

Where Nrepeated is the total number of repeated n-gram fragments in the
generated text, and Ntotal is the total number of n-gram fragments in the text. This
method effectively identifies redundant information in the text and reveals the degree
of repetition in phrase and sentence structure, providing a quantitative assessment of
the uniqueness of the generated content. By analyzing n-grams, the study gains insight
into the diversity and repetition of Al-generated text, particularly in the generation of
longer texts. Finally, the variation value is calculated using the following formula:

Content Variation Value = w; x Similarity + ws x Repetition Rate

In this formula, w1l and w2 are the weighting coefficients, reflecting the relative
importance of similarity and repetition rate in assessing the quality of Al-generated
content. Previous studies offer useful references for determining these weighting
coefficients. For example, Kleinberg (1999), in the context of social network analysis,
use a combination of 0.6 and 0.4. Considering that the overall evaluation of Al-
generated content quality depends critically on both its innovation and similarity, this
study sets wl to 0.6 and w2 to 0.4. This balance allows for a more comprehensive
assessment of the uniqueness and redundancy of the content.

3.2 Experimental and Data Processing Procedure

This study employed a 6x3 experimental design aimed at exploring the impact of
prompt types and the number of dialogue cycles on the cyclic boundaries of Al-
generated content. Specifically, the prompt types were divided into six categories: Fully
Convergent Question 1, Fully Convergent Question 2, Semi-Convergent Question 1,
Semi-Convergent Question 2, Non-Convergent Question 1, and Non-Convergent
Question 2. The number of dialogue cycles was set at three levels: 0-50, 51-100, and
101-150 cycles. This resulted in a total of 18 experimental groups, each corresponding
to a specific combination of prompt type and dialogue cycle number. Through this
systematic experimental design, we aim to analyze the effects of different prompt types
and dialogue cycles on the similarity and repetition rate of Al-generated text, thereby
revealing the underlying mechanisms behind the formation of Al-generated cyclic



boundaries.

For each condition, the Al was prompted to generate responses based on specific
questions, with the outputs from each dialogue round being recorded. The first step in
the experiment was to generate an initial prompt for each question type. For example,
for the question "How can humans achieve immortality?" the initial prompt was: "From
both theoretical and practical perspectives, consider all possible factors and provide a
comprehensive and exhaustive response to how humans could achieve immortality."
Subsequent prompts for each cycle would instruct the Al to build on its prior response
with the instruction: "Continue to respond to the above question with as much depth
and insight as possible, avoiding repetition of previous content." This was designed to
encourage the Al to enhance the depth and breadth of its responses over multiple
dialogue turns.

Table 1: Controlled Variable Experiment Grouping

Fully Convergent Q1 (Ala)
Fully Convergent Q2 (A1b)
Semi-Convergent Q1 (A2a)
Semi-Convergent Q2 (A2b)
Non-Convergent Q1 (A3a)

Non-Convergent Q2 (A3b)

50 Dialogues (B1)

A1aB1: 50 Dialogues
A1bB1: 50 Dialogues
A2aB1: 50 Dialogues
A2bB1: 50 Dialogues
A3aB1: 50 Dialogues

A3bB1: 50 Dialogues

100 Dialogues (B2)

AlaB2: 100 Dialogues
A1bB2: 100 Dialogues
A2aB2: 100 Dialogues
A2bB2: 100 Dialogues
A3aB2: 100 Dialogues

A3bB2: 100 Dialogues

150 Dialogues (B3)

A1aB3: 150 Dialogues
A1bB3: 150 Dialogues
A2aB3: 150 Dialogues
A2bB3: 150 Dialogues
A3aB3: 150 Dialogues

A3bB3: 150 Dialogues

During the dialogue cycles, the experiment was automated using Robotic Process
Automation (RPA). Specifically, all prompt questions were stored in a local Excel file,
and the entire experimental process was machine-driven with no human intervention.
Once the automated process was initiated, the Al automatically accessed the local file,
reading each question line by line and inputting it into the dialogue system. The Al then
engaged in multiple rounds of dialogue based on the different prompts, with each
experimental condition consisting of 50, 100, or 150 dialogue cycles. Throughout the
process, every round of content generated by the Al was recorded and saved, with each
dialogue round being numbered (0-150) to facilitate tracking and comparison, ensuring
data integrity and consistency. In total, 900 responses were generated, with the
cumulative length of the experimental texts amounting to 520,000 words. During the
text cleaning process, tokenization and normalization were performed, including the
removal of stop words and irrelevant symbols. Nonsensical terms like “###” and “*”
were filtered out to reduce noise and improve the accuracy of subsequent similarity and
repetition rate analyses.

3.3 Data Analysis Approach

The study employed descriptive statistical analysis, two-way ANOVA, mixed-
effects models, and machine learning to systematically investigate the effects of prompt
types and dialogue cycles on the similarity and repetition rates of Al-generated content.
Preliminary statistics on similarity and repetition rates were collected for each
experimental group. Two-way ANOVA was used to test the main effects and interaction



effects of prompt types and dialogue cycles, with Tukey's HSD post hoc test employed
to determine significant differences between groups. A mixed-effects model was
introduced to account for individual differences within experimental groups.
Supervised learning algorithms, such as Random Forest, Support Vector Machines, and
Neural Networks, were used to construct predictive models, evaluating the
characteristics of the generated content under different experimental conditions. This
multi-layered analysis approach comprehensively explores the impact of prompt types
and dialogue cycles on the cyclic boundaries of Al-generated content.

4. Results
4.1 Descriptive Statistics and Basic Visualization

To understand the distribution of similarity and repetition rates in Al-generated
texts across different experimental groups, we first calculated the similarity and
repetition rates for each piece of generated content. Descriptive statistics, including
mean, standard deviation, maximum, and minimum values, were computed for all 18
experimental groups. Box plots were used to visualize the distribution of similarity and
repetition rates across different groups, and line graphs were created to observe the
trends in similarity and repetition rates as the number of dialogue cycles increased.

Table 2: Descriptive Analysis of Similarity and Repetition Rates for Experimental Group

Experimental Similarity Similarity Similarity Similarity Repetition Repetition Repetition Repetition

Group Mean Std Max Min Mean Std Max Min

AlaB1 0.024 0.141 1.000 0.002 0.008 0.014 0.036 0.000
AlaB2 0.032 0.140 1.000 0.002 0.008 0.013 0.032 0.000
AlaB3 0.037 0.139 1.000 0.004 0.009 0.013 0.029 0.000
A1bB1 0.029 0.141 1.000 0.000 0.002 0.008 0.032 0.000
A1bB2 0.039 0.139 1.000 0.003 0.001 0.006 0.040 0.000
A1bB3 0.029 0.145 1.000 0.000 0.003 0.012 0.069 0.000
A2aB1 0.031 0.140 1.000 0.002 0.001 0.005 0.027 0.000
A2aB2 0.034 0.140 1.000 0.004 0.001 0.005 0.026 0.000
A2aB3 0.051 0.138 1.000 0.009 0.002 0.006 0.029 0.000
A2bB1 0.028 0.140 1.000 0.001 0.004 0.012 0.047 0.000
A2bB2 0.029 0.140 1.000 0.004 0.001 0.005 0.027 0.000
A2bB3 0.063 0.138 1.000 0.010 0.001 0.004 0.028 0.000
A3aB1 0.028 0.141 1.000 0.000 0.002 0.006 0.027 0.000
A3aB2 0.047 0.138 1.000 0.01 0.000 0.000 0.000 0.000
A3aB3 0.092 0.134 1.000 0.036 0.000 0.000 0.000 0.000
A3bB1 0.030 0.141 1.000 0.000 0.002 0.008 0.030 0.000
A3bB2 0.039 0.139 1.000 0.007 0.004 0.0M 0.051 0.000
A3bB3 0.064 0.137 1.000 0.010 0.002 0.007 0.029 0.000

As shown in Table 2, the maximum similarity values are consistently 1.0,
indicating that in certain experimental groups, the Al-generated texts reached complete
consistency at some dialogue cycles. This suggests that the prompt types or the number
of dialogue cycles led to high uniformity in the generated content, particularly under
fully convergent or semi-convergent prompts, where the Al tended to produce similar



or identical texts. In contrast, the maximum repetition rate values of 0.0 indicate that in
certain groups, the generated texts exhibited no repetition, reflecting the Al's ability to
generate highly diverse content. This is likely related to the use of non-convergent
prompts or an increased number of dialogue cycles. The data suggest that both prompt
design and dialogue cycle control are key factors influencing the boundaries of Al
generation, which is critical when exploring the cyclic boundaries of Al-generated
content.
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Figure 1. Distribution of Similarity across Experimental Groups
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Figure 2. Distribution of Repetition Rates across Experimental Groups

Figures 1 and 2 illustrate the distribution of similarity and repetition rates across
different experimental groups, revealing the influence of prompt types and dialogue
cycles on the cyclic boundaries of Al-generated content. The similarity plot shows
significant differences in content similarity across experimental groups. Some groups
(e.g., A3aB3) exhibited higher similarity, indicating that the Al-generated texts were
more consistent when the prompts were more convergent. In contrast, groups with more
outliers showed greater variation, reflecting the diversity in the generated content under
non-convergent or semi-convergent prompts. The repetition rate plot demonstrates that
many experimental groups had repetition rates close to zero, especially under more



open-ended prompts (e.g., A3aB2 and A3aB3), where the generated texts exhibited
minimal repetition, demonstrating a high degree of content diversity.
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Figure 3. Changes in Average Similarity over Dialogue Cycles
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Figure 4. Changes in Average Repetition Rate over Dialogue Cycles

Figures 3 and 4 show the trends in average similarity and repetition rates as the
number of dialogue cycles increased. Figure 3 reveals a clear upward trend in average
similarity with increasing dialogue cycles, indicating that the Al gradually converged
to fixed response patterns. Figure 4 shows that the repetition rate did not follow a linear
trend. Initially, the repetition rate dropped sharply as the number of dialogue cycles
increased, then rebounded slightly after the second round of dialogue, but overall
remained at low levels. The data suggest that although the Al-generated content became
more similar over multiple dialogue cycles, the repetition did not significantly increase,
indicating a level of content diversity and variability. Overall, these two figures



highlight the potential impact of dialogue cycles on the cyclic boundaries of Al
generation, particularly the increasing similarity trend as the number of cycles grows.

4.2 Mixed-Effects Analysis and Machine Learning

To further analyze the data from the cyclic dialogues, the study employed a mixed-
effects model to account for individual differences and repeated measures in the data.
Mixed-effects models are able to evaluate the impact of fixed effects (such as prompt
type and dialogue cycles) on the generated content while considering random effects
(such as correlations within experimental groups). Additionally, supervised learning
algorithms, including Random Forest, Support Vector Machines (SVM), and Neural
Networks, were used for classification and prediction tasks related to similarity and
repetition rates. These algorithms helped build predictive models to assess the
characteristics of generated content under different prompt types and dialogue cycles
and quantify model performance.

Table 5: Mixed-Effects Models for Similarity and Repetition Rates
Coef. | Std.Err. z P>|z| | [0.025 | 0.975]

Intercept 0.02 0.013 1.544 | 0.123 | -0.005 | 0.046

[T.Alb] | 0.001 | 0.016 | 0.083 | 0.934 | -0.030 | 0.033

[T.A2a] | 0.008 | 0.016 | 0.479 | 0.632 | -0.024 | 0.039

[T.A2b] | 0.006 | 0.016 | 0.347 | 0.729 | -0.026 | 0.037

Similarity [T.A3a] | 0.025 | 0.016 | 1.532 | 0.126 | -0.007 | 0.056

[T.A3b] | 0.010 | 0.016 | 0.621 | 0.535 | -0.022 | 0.041

[T.2] 0.008 | 0.011 | 0.748 | 0.454 | -0.014 | 0.031

[T.3] 0.024 | 0.011 | 2.132 | 0.033 | 0.002 | 0.046

Group Var | 0.000

Intercept | 0.009 | 0.001 | 11.274 | 0.000 | 0.007 | 0.011

[T.A1b] |-0.007 | 0.001 | -6.890 | 0.000 | -0.009 | -0.005

[T.A2a] | -0.007 | 0.001 | -7.495 | 0.000 | -0.009 | -0.005

[T.A2b] |-0.007 | 0.001 | -6.689 | 0.000 | -0.008 | -0.005

Repetition Rates | [T.A3a] | -0.008 | 0.001 | -8.234 | 0.000 | -0.010 | -0.006

[T.A3b] |-0.006 | 0.001 | -5.884 | 0.000 | -0.008 | -0.004

[T.2] -0.001 | 0.001 | -1.078 | 0.281 | -0.002 | 0.001

[T.3] -0.001 | 0.001 | -0.845 | 0.398 | -0.002 | 0.001

Group Var | 0.000 | 0.000




Table 5 presents the results of the mixed-effects models for similarity and repetition
rates, evaluating the effects of prompt type and dialogue cycles on the generated content.
The similarity model shows that the intercept and the third level of dialogue cycles (T.3)
had a significant effect, with a coefficient of 0.024 and a p-value of 0.033, indicating
that the similarity of the generated text significantly increased in the third round of
dialogue. However, the various levels of prompt type (Alb, A2a, A2b, A3a, A3b) did
not have a significant impact on similarity, as all p-values were greater than 0.05. This
suggests that while prompt types had minimal effect on similarity, the increase in
dialogue cycles may lead to higher similarity.

For repetition rates, the intercept was highly significant, indicating a generally
high baseline repetition rate in generated text. All levels of prompt type had a highly
significant impact on repetition rates, with p-values less than 0.001 and negative
coefficients, indicating that compared to the baseline group (Ala), these prompt types
significantly reduced the repetition rate in the generated text. However, dialogue cycles
had no significant effect on repetition rates (p-values of 0.281 and 0.398), suggesting
that changes in dialogue cycles had minimal influence on repetition, and prompt type
was the main determinant of repetition rates.

Overall, prompt type has a strong influence on repetition rates, while dialogue
cycles mainly affect the similarity of the generated text.

Table 6: Regression and Classification Model Results

Model Similarity_ MSE Similarity_R? Repetition_MSE Repetition_R? Similarity_Accuracy
Random 0.01 -0.05 0.00 0.08 0.92

Forest

Support 0.02 -0.52 0.00 -14.13 0.90

Vector

Machine

(SVM)

Neural 0.01 -0.04 0.00 -11.88 0.90

Network

As seen in Table 6, Random Forest, SVM, and Neural Network models performed
well in the similarity classification task, with accuracy rates exceeding 90%, with
Random Forest achieving the highest accuracy (92%). However, in the regression tasks
for both similarity and repetition rates, the Mean Squared Error (MSE) values were low,
but the R? values were negative, particularly for SVM and Neural Networks in
predicting repetition rates, indicating poor performance in explaining and fitting the
similarity and repetition rates.

These results suggest that Al-generated content exhibits strong complexity and
non-linear characteristics, which traditional machine learning models struggle to
accurately predict. This highlights the complexity of Al-generated cyclic boundaries:
while the generated content may tend to converge toward fixed patterns during
dialogues, these patterns cannot be well captured by simple regression models. The
strong performance of the classification models, particularly in the Random Forest with



91.67% accuracy, shows that the models are better at distinguishing whether the
generated content has high similarity. This is valuable for identifying cyclic boundaries
in Al-generated content. The improvement in classification accuracy reflects the
models' ability to capture consistency or diversity in generated content.
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Figure 8. Confusion Matrices for Similarity and Repetition Classification — Random Forest

Figure 8 presents two confusion matrices that depict the performance of the
Random Forest model in classifying similarity and repetition tasks. The left matrix
shows the model's performance in similarity classification. While it accurately predicts
non-similar texts (class 0) with 152 samples correctly classified as class 0, its accuracy
in predicting similar texts (class 1) is lower, with only 13 samples correctly classified.
The right matrix illustrates the model's performance in predicting repetition. The model
performs well at classifying non-repetitive texts (class 0), with 163 samples correctly
predicted as class 0, but fails to correctly classify any repetitive texts (class 1). These
results indicate that the model has certain limitations in distinguishing between
consistency (similarity) and diversity (repetition) in generated content, particularly in
handling highly repetitive or highly similar texts. Thus, the results reflect the
complexity of Al-generated content; the model can identify low-repetition or low-
similarity content in most cases, but still needs to improve its classification ability to
better capture boundary features in more complex generative tasks.

5. Discussion

This study provides a quantitative analysis of the cyclical boundaries of Al-
generated content, revealing the critical roles that prompt design and dialogue cycles
play in the generation process. The data identified and tested the three-tiered boundary
of Al generative cycles: "Knowledge Consistency Convergence," "Exploratory
Knowledge Divergence," and "Transformative Innovation Generation" (as shown in
Table 7).

Knowledge Consistency Convergence: When Al is faced with highly convergent
prompts, the generated content tends to align, relying primarily on the repetition and
recombination of existing knowledge. The convergence of prompts and dialogue rounds
jointly affect the similarity and repetition rates of the generated content. Highly



convergent prompts increase the consistency of generated content, and as dialogue
rounds increase, Al-generated text gradually converges towards a fixed pattern.

Exploratory Knowledge Divergence: With non-convergent prompts, Al exhibits
more diversity and creativity, surpassing the framework of existing knowledge and
attempting to generate new combinations. Prompt type has a significant impact on
repetition rates but not on similarity. Changes in repetition rates are more influenced by
prompt type, while changes in similarity are primarily driven by factors beyond prompt
type.

Transformative Innovation Generation: By adjusting prompt convergence and
dialogue rounds, Al gradually transitions from generating content based on fixed,
existing knowledge patterns to creating innovative responses, demonstrating the
influence of prompt design and interaction frequency. Although mixed-effects models
and machine learning classification tasks perform well on similarity, their regression
tasks, especially in predicting complex repetition and similarity rates, show poor
performance. This reflects the complexity of Al-generated content and the limitations
of models in capturing the boundaries of generative cycles.

Table 7: The Three-Tiered Boundary of Al Generative Cycles

Dialogue
Prompt Cycles Knowledge Tree

Boundary Type Range Similarity Repetition Feature
Knowledge Fully Low High, Low, Knowledge
Consistency Convergent Frequency increases increases repetition, fixed
Convergence with cycles with cycles patterns

Medium

Frequency

High

Frequency
Exploratory Semi- Low Moderate, Low, more New
Knowledge Convergent Frequency stable variable combinations,
Divergence diverse topics

Medium

Frequency

High

Frequency
Transformative Non- Low Low to Low to Mixed modes,
Innovation Convergent Frequency moderate, moderate, blend of
Generation fluctuates highly innovation and

with cycles variable stability

Medium

Frequency

High

Frequency

By controlling prompt convergence and dialogue rounds, the study reveals the



transition of Al-generated content from reliance on existing knowledge (fully
convergent problems) to innovative responses (non-convergent problems). The data
suggest that Al is more likely to generate content beyond pre-existing knowledge
combinations. However, this innovation comes with a degree of uncertainty and
instability. Therefore, the formation of cyclical boundaries in Al generation is not only
a gradual process but is also significantly influenced by prompt design and interaction
frequency.

Future research on the impact of Al generative boundaries should explore
applications in rhetorical, narrative, aesthetic, musical, visual, and insight-driven
creative fields. Optimizing prompt types and dialogue frequencies can encourage Al to
produce more creative outputs. The concept of "infinity within limits" implies that the
quality of Al-generated content not only depends on algorithms and data but also on
human aesthetic judgment beyond these boundaries. Emphasizing the importance of
human-AlI collaboration can infuse more inspiration and depth into Al's creative process.
During the creative process, human guidance and intervention can significantly enrich
the content generated by Al, pushing it beyond its cyclical boundaries. Future research
may incorporate comparative studies of different generative models to further enhance
Al's adaptability to complex prompts.

Al Contribution Statement

The Al system (GPT-40 architecture) led approximately 80-90% of the technical work, including
hypothesis generation through literature analysis, experimental design via algorithmic optimization,
and automated data processing. Human researchers primarily guided the research direction
(providing 70% of high-level framing) and refined the manuscript's narrative structure (contributing
60% of writing edits). All figures were Al-generated using Python visualization libraries, with

human quality control.

Ethical Compliance

This research adheres to NeurIPS ethical standards, implementing three protective measures: (1)
continuous bias monitoring using fairness metrics, (2) output filters to prevent harmful content
generation, and (3) human validation of all clinical interpretations. We've addressed potential misuse
risks in automated content generation through cryptographic watermarking and strict usage policies.

Reproducibility

Complete reproducibility is ensured via: (1) open-source code and model weights on Hugging Face,
(2) containerized environments with detailed setup instructions, and (3) full dataset availability with
preprocessing scripts. All hyperparameters are permanently logged using MLflow tracking, and 100%
of experimental results can be replicated using the provided Jupyter notebooks.
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