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ABSTRACT: As artificial intelligence (Al) becomes increasingly integrated into critical sectors such as healthcare,
finance, law enforcement, and education, the need for effective regulation and governance becomes more urgent. This
paper explores current global approaches to Al governance, identifies major challenges including bias, accountability,
and transparency, and compares frameworks from different countries and organizations. It evaluates both binding
regulations and soft-law instruments, proposing a hybrid, adaptive governance model that balances innovation with
ethical responsibility.
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I. INTRODUCTION

The rapid advancement and deployment of artificial intelligence have raised numerous ethical, legal, and societal
concerns. Al systems now influence decisions in hiring, criminal justice, healthcare, and beyond—often without clear
mechanisms of oversight or redress. This necessitates a robust governance framework that ensures Al technologies are
aligned with human rights, fairness, and democratic values.

While some countries have adopted comprehensive legal frameworks (e.g., the EU Al Act), others rely on voluntary
guidelines or industry self-regulation. The diversity in regulatory approaches reflects differences in legal traditions,
economic priorities, and cultural attitudes toward technology. This paper critically examines these approaches and
offers a comparative perspective to identify best practices and future paths for global Al governance.

ILLLITERATURE REVIEW

Author(s) Year Focus Key Contribution

Jobin, Ienca & 2019 Global Al Ethics Reviewed 84 ethical Al guidelines, highlighting convergence and

Vayena Guidelines divergence

Floridi et al. 2018 Ethical Al Design Proposed principles for Al design: beneficence, non-maleficence,
autonomy

Gasser & Almeida 2017 Digital Governance Emphasized multi-stakeholder governance frameworks

Mittelstadt et al. 2016 Ethical Issues in Al Identified transparency, bias, and accountability as core concerns

European . .

Commission 2021 EU AI Regulation Proposed first legally binding Al regulatory framework

These studies emphasize the need for inclusive, transparent, and flexible governance mechanisms that can adapt to
technological change while protecting public interest.

II1. METHODOLOGY
This study follows a comparative policy analysis methodology:

1. Document Review: Analysis of legal documents, white papers, and policy briefs related to Al governance (e.g.,
EU AI Act, U.S. Executive Orders, OECD Guidelines).

Case Studies: Examination of practical implementations such as:
Canada's Algorithmic Impact Assessment (AIA)

The EU's Al Risk Classification System

U.S. Blueprint for an Al Bill of Rights
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3. Expert Interviews (hypothetical in this context): Insights from legal scholars, Al ethicists, and policy makers.
This approach enables a nuanced comparison of approaches to Al governance across jurisdictions and identifies areas
of convergence and divergence.

IV.TABLE: COMPARATIVE OVERVIEW OF Al GOVERNANCE MODELS

Country/Region Regulation Type Key Focus Areas Enforcement
European Union Legally Binding (EU AI Act) Risk-based regulation, compliance, transparency High

United States Sectoral/Voluntary Innovation, competitiveness, ethics Medium
China Centralized Regulation Surveillance, national Al strategy, control High

Canada Al Impact Assessment Tool Algorithmic accountability, ethics Medium
OECD Soft Law Ethical guidelines, member collaboration Low

Question Answering (QA) and Text Classification in Natural Language Processing (NLP)

Both Question Answering (QA) and Text Classification are key tasks in Natural Language Processing (NLP) that
enable machines to understand, interpret, and respond to human language in meaningful ways. These tasks play a vital
role in a variety of applications, such as chatbots, virtual assistants, content categorization, and sentiment analysis.

1. Question Answering (QA)

Question Answering (QA) is the task where a system is designed to answer questions posed by humans in natural
language. The questions can be based on a given context (passage-based QA), or they can require general knowledge
that the system retrieves from its knowledge base.

Types of Question Answering Systems

1. Closed-domain QA:
o In this type, the system answers questions related to a specific domain (e.g., medical, legal, or technical domains).
o Example: "What is the capital of France?" or "What is the formula for water?"

2. Open-domain QA:
Open-domain QA systems aim to answer questions on a wide range of topics, usually by retrieving answers from a

large corpus of documents or knowledge databases.
o Example: "Who won the Nobel Peace Prize in 2020?"

o

W

. Extractive QA:

o The system finds the answer by extracting a segment (typically a span of text) directly from a provided passage. It
does not generate new text, but instead selects relevant text that contains the answer.

o Example: Given the passage, "The Eiffel Tower is in Paris," the answer to "Where is the Eiffel Tower?" would be

"Paris."

4. Abstractive QA:

o This system generates an answer based on the context, potentially using its own words rather than directly
extracting a sentence or fragment from the passage. It requires the model to understand the context and then
summarize or paraphrase to answer.

o Example: Given a passage about the Eiffel Tower, an answer could be something like, "The Eiffel Tower is located
in the French capital."

Key Technologies Used in QA:

e BERT (Bidirectional Encoder Representations from Transformers): BERT and its variants (like RoBERTa,
ALBERT) are highly effective for QA tasks. They can be fine-tuned on a specific QA dataset and are capable of
extractive and sometimes abstractive QA.
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e GPT-3 and T5: Generative pre-trained models like GPT-3 can be used for QA tasks by generating textual
answers, whereas models like T5 (Text-to-Text Transfer Transformer) can be used in both extractive and
generative QA tasks.

o Retrieval-based Systems: These systems retrieve the most relevant documents or paragraphs from a large corpus
and then use extractive or generative methods to answer questions.

Applications of QA Systems:

o Customer Support: Virtual assistants like Siri, Google Assistant, or Alexa, which provide direct answers to user
queries.

e Healthcare: Medical systems that can answer diagnostic queries or suggest treatments based on patient records.

e Search Engines: Google's featured snippets or direct answers to common questions (e.g., "What’s the weather
today?").

o Educational Tools: Answering students' questions based on textbooks or online resources.

2. Text Classification

Text Classification is the task of assigning a label or category to a given piece of text. This process is essential in
various applications, such as sentiment analysis, topic detection, spam detection, and language identification.

Types of Text Classification Tasks

1. Sentiment Analysis:

o Sentiment analysis involves classifying text based on the emotions or opinions it expresses, typically in categories
such as positive, negative, or neutral.

o Example: Classifying customer reviews of a product as positive or negative

2. Topic Categorization:

o Involves categorizing text into predefined categories or topics, such as news articles being classified into topics
like sports, politics, or entertainment.

o Example: Classifying news articles by subject matter (e.g., Technology, Health, Finance).

3. Spam Detection:
The task of classifying whether a message is spam or not. This is widely used in email services to automatically
sort out unwanted emails.

o Example: An email being classified as either spam or non-spam.

4. Language Identification:

o Classifying the language of a given text. For instance, detecting whether a tweet is written in English, Spanish,
French, etc.

o Example: "Hola, ;como estas?" would be classified as Spanish.

5. Intent Detection:
This task identifies the intent behind a piece of text. It is commonly used in chatbots or virtual assistants.

o Example: Detecting whether a sentence like "What is the weather today?" implies an intent to know about weather
conditions.

6. Named Entity Recognition (NER):

o Classifying text into named entities such as person names, locations, organizations, dates, and other specific
terms. NER is often used in conjunction with text classification.

o Example: Identifying the name “Barack Obama” as a person, “New York™ as a location, and “January 20, 2021
as a date.
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Key Technologies Used in Text Classification:

1. Traditional Machine Learning Models:

o Support Vector Machines (SVM), Naive Bayes, and Logistic Regression have been widely used for text
classification tasks, often with feature extraction techniques like TF-IDF (Term Frequency-Inverse Document
Frequency) or word embeddings.

2. Deep Learning Models:

o Recurrent Neural Networks (RNNs): RNNs and their variants like LSTMs (Long Short-Term Memory) and
GRUs (Gated Recurrent Units) are effective for text classification, especially for sequential data such as sentences
or documents.

o Convolutional Neural Networks (CNNs): CNNs can be used for text classification by applying convolution
operations over word embeddings to capture local patterns.

o Transformer Models: Modern transformer-based architectures like BERT, RoBERTa, and DistilBERT are
widely used in text classification tasks due to their contextual understanding of language. These models outperform
traditional methods because they capture complex relationships between words in a sentence.

Applications of Text Classification:

e Social Media Monitoring: Analyzing posts or tweets to classify them as positive, negative, or neutral (sentiment
analysis).

e Customer Feedback Analysis: Automatically categorizing reviews or customer complaints into predefined
categories (e.g., product quality, shipping issues).

e Content Filtering: Automatically detecting and filtering out inappropriate or harmful content in online platforms.

e Email Filtering: Classifying emails as spam or non-spam.

e Legal and Compliance: Classifying documents or contracts into relevant categories, such as identifying legal
terms or flagging non-compliant content.

V. COMPARISON: QUESTION ANSWERING VS. TEXT CLASSIFICATION

Feature Question Answering (QA) Text Classification

Goal Provide direct answers to user questions. Assign a predefined label/category to a text.
Input A specific question or query. A piece of text or document.

Output A specific answer (extractive or generative). A class label (e.g., sentiment, topic, spam).

Text classification uses ML algorithms (e.g., Naive
Bayes, SVM) or deep learning (e.g., RNNs,
transformers).

QA systems use deep learning, transformers

Techniques (e.g., BERT, GPT), or retrieval-based systems.

Often involves a direct answer from context

i ation of . i es.
(passage-based). Categorization of text into predefined categories

Task Type

"The product is great, but shipping was slow." (Label:

Example "What is the capital of France?" (Answer: Paris) Negative sentiment)
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VI. FIGURE: Al GOVERNANCE FRAMEWORK
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VII. CONCLUSION

Effective regulation and governance of Al require a multi-layered approach that combines hard law with flexible
ethical frameworks. While binding legislation like the EU Al Act marks a significant step forward, there is still a need
for global alignment and cooperation. Ethical principles must be operationalized through actionable tools such as
audits, certification schemes, and impact assessments. The future of Al governance depends on inclusive policymaking,
cross-sector collaboration, and continuous adaptation to new technological realities.
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