
Annotation: Text Classification Task 

The experimental design in the study aimed to rigorously evaluate the performance of a newly 
developed Categorical AI model against several advanced neural network-based AI models in a 
controlled text classification task. This experimental setup was chosen to highlight the categorical 
model’s distinct approach in structuring, processing, and classifying textual data. Here’s a detailed 
breakdown of the experiment’s definition, structure, and execution: 

1. Objective and Scope of the Experiment 

The primary objective of this experiment was to determine how effectively the Categorical AI 
model, grounded in category theory, could classify text data compared to several prominent neural 
models like GPT-4, MPT, Falcon, and others. The focus was on text classification, an essential 
subdomain of natural language processing (NLP) where AI models are tasked with categorizing text 
into predefined labels based on its content and sentiment. 

The study emphasized understanding not only the accuracy of these models but also their 
interpretability, coherence, and capacity to minimize contradictions in classification—a known 
challenge in conventional neural models, which often operate as “black boxes.” 

2. Experiment Setup and Model Structures 

Categorical AI Model Architecture: 

The Categorical AI model, built on category theory, utilized fundamental category-theoretic 
constructs such as: 

	•	 Categories and Projections: In this model, a “category” represents a specific domain, such as 
natural language text, where the objects within this category are text data (e.g., sentences or 
phrases). Projections within this category served as mappings from these text objects to specific 
labels or classes, ensuring that classifications were rigorously structured according to predefined 
mappings. 

	•	 Functors and Natural Transformations: A functor mapped objects and their respective 
projections from one category (in this case, the text classification domain) to another domain, 
such as image generation. For instance, text with positive sentiment could be mapped to an image 
of a friendly expression, reinforcing the model’s interpretability across different modalities. 
Natural transformations ensured consistency and soundness in mappings between functors, 
preserving accuracy by structurally aligning different representations (e.g., text and its 
corresponding label). 
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The categorical model’s setup was deliberately chosen to exploit the structural coherence that 
category theory offers, allowing for a clear and logically consistent classification mechanism. 
This structure contrasts with neural models, where classifications emerge from learned 
parameters without strict rules that govern outputs. 

Comparison Neural Models: 

The comparison models, including GPT-4, MPT, and others, were structured as large-scale neural 
networks predominantly based on transformer architectures. These models rely on layers of 
attention mechanisms and vast quantities of data to generalize patterns, allowing them to classify 
text through probabilistic associations. However, these architectures lack the inherent structural 
coherence provided by category theory, which the experiment aimed to highlight. 

3. Task Design and Classification Process 

The experiment specifically involved a text classification task, where each model had to process a 
set of input texts and assign each one to a predefined category. Categories for this experiment were 
designed to assess sentiment and were limited to “positive,” “negative,” or “neutral” classifications. 
This task was chosen as it provided a simple yet effective way to measure classification accuracy, 
consistency, and coherence across models. 

Question Setup and Execution by GPT-4: 

The evaluation process leveraged GPT-4’s ability to systematically interact with each model. GPT-4 
posed a series of text classification questions, each consisting of a short text or sentence that 
implicitly or explicitly suggested a sentiment. These texts included phrases that could be indicative 
of various sentiments, such as: 

	•	 Positive: “I love the beautiful scenery here.” 

	•	 Negative: “The customer service experience was terrible.” 

	•	 Neutral: “The book is on the table.” 

GPT-4 prompted each model with these sentences and recorded the responses, classifying each as 
correct or incorrect based on expected labels. Each sentence was carefully designed to have 
minimal ambiguity, providing a straightforward classification criterion that any model with 
semantic understanding capabilities should ideally capture. 

4. Evaluation and Performance Metrics 

Accuracy and Coherence: 

New York General Group 2



For each model’s responses, GPT-4 evaluated the correctness of classification. Beyond raw 
accuracy, however, the experiment emphasized coherence—a measure of logical consistency in 
classifications across different but related sentences. For example, if a model classified “I love the 
beautiful scenery here” as positive, it should also classify “I enjoy being in nature” similarly. The 
categorical model’s structure inherently supports coherence due to its reliance on predefined 
mappings and transformations that ensure uniformity in classification logic. 

Error Minimization and Structural Integrity: 

One of the key areas of evaluation was how effectively each model minimized classification errors, 
especially those arising from contradictions. Neural network-based models are prone to 
contradictions due to their probabilistic nature; for instance, they might inconsistently classify 
similar sentiments if they rely on different contextual cues each time. The Categorical AI model, 
however, with its category-theoretic underpinnings, maintained a structured mapping between 
sentiment indicators and categories. This structure inherently minimized contradictions because 
each projection (mapping function) in the model was rule-bound, reducing variability in outcomes. 

5. Results and Comparative Analysis 

The experiment’s findings highlighted several notable differences between the Categorical AI 
model and traditional neural models in text classification: 

5.1 Accuracy and Consistency: 

The Categorical AI model showed robust accuracy in classifying texts according to sentiment 
categories. This accuracy stemmed from the model’s categorical framework, where sentiment was 
directly mapped to specific categories through established projections. In contrast, while neural 
models like GPT-4 and MPT exhibited high accuracy, they occasionally misclassified texts that 
lacked explicit sentiment markers, indicating a reliance on pattern recognition without the benefit of 
rule-based reasoning. 

5.2 Interpretability and Error Analysis: 

The categorical model’s interpretability was one of its strongest advantages. Each classification 
decision could be traced back to a specific projection, offering insight into the reasoning behind 
each label. This contrasts with neural models, where classifications result from complex, layered 
transformations of data that do not lend themselves to straightforward interpretation. Consequently, 
error analysis was more transparent in the categorical model, enabling clearer identification of 
decision pathways for misclassified texts. 

5.3 Structural Integrity and Coherence: 

The categorical model’s reliance on category theory principles, such as functors and natural 
transformations, ensured a high degree of structural integrity across classification tasks. This 
integrity manifested in the model’s consistent treatment of similar texts, as the projections it used 
inherently adhered to predefined mappings. Neural models, while capable of high-level pattern 
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detection, lacked this categorical coherence, occasionally producing inconsistent results that could 
not be traced to specific rules or mappings. 

6. Broader Implications and Observations 

The experiment demonstrated that the Categorical AI model, through the lens of category theory, 
offers a fundamentally different approach to text classification. Rather than relying solely on 
learned associations as neural models do, it leverages a mathematically structured framework that 
ensures consistency, interpretability, and robustness. The benefits observed in this experiment 
suggest broader applications for the Categorical AI model in domains where coherence, 
transparency, and logical consistency are paramount, such as legal document analysis, medical 
report classification, and structured knowledge management. 

The findings underline the categorical model’s potential to serve as an alternative to neural 
networks in areas where interpretability and error minimization are critical. By structuring 
classifications around categorical mappings, the model aligns more closely with the principles of 
logical reasoning, offering a pathway to more reliable AI applications across diverse fields. This 
represents a significant step toward an AI paradigm that integrates mathematical rigor with the 
adaptability of contemporary AI models, positioning the Categorical AI model as a promising 
framework for future AI development.
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