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Following the wake of ChatGPT’s release in late 2022, we have witnessed the launch of

an “arms race” of generative AI technology as large language models (LLMs) entered a

phase of rapid development and advancement, with promises of revolutionary

transformations of work spaces and everyday life from major tech companies. As

contestants and major power players like OpenAI, Google, Anthropic, and Meta enter

the game, many ethical concerns have been raised regarding whether this technology

will truly be the beginning of the next technological revolution, and if so, whether it will

be beneficial to human society as a whole or only serve in the interest of a few. At the

same time. Many AI scientists, researchers and industry leaders have come forth with

claims that how we handle this new technology will be critical to the wellbeing or even



survival of humanity in the future. As the industry chases after the promise of the sparks

of artificial general intelligence (AGI), that one day truly autonomous super AIs capable

of outsmarting the human brain in generalized tasks can be achieved, discussions of AI

alignment, the checks and balances that will keep AI acting and behaving according to

human values and principles continue. Yet, even as we enthuse over the potential

transformations this technology brings to our society, it is important to point out that true

alignment requires the input from people across all backgrounds and walks of life. It

would be concerning to leave the definition of “human values” in the hands of a few

leaders behind closed doors.

This thesis consists of two papers exploring the potential ethical risks and concerns AI

technology raises regarding accessibility and equity issues both in the AI industry and in

the broader society centering two major questions: “who has access to AIs?” and “who

builds the AIs?”. In the first paper, I will examine current tangible and intangible barriers

to accessing AI subscriptions, and how performance of an AI differs across linguistic

and geographical contexts, as a way of painting a bigger picture of the network of unfair

representations behind the training, deployment and access of commercial AIs. In the

second paper, I build on top of the previous theoretical foundations to connect current

discussions in AI training and alignment ethics with interdisciplinary views and critiques

on technology and society. I propose a framework that conceptualizes large language

models as models of our society, interpreting AI as the reproduction and embodiment of

the intricate power dynamics and inequalities fueled by social discourses and media

representation. In this model I refer to as “layers of realities”, I explore the complex



relationship between the physical world, the internet and digital media, and the world of

large language models, in order to highlight the urgency to not see AI biases as a

standalone issue within the industry, but a sign that alerts us to address issues in the

physical and digital world such as unequal technology access and unfair

mis/under-representation of marginalized identities in this increasingly digitized world.



The New Digital Divide:

Global Disparities in the Generative AI Industry

Abstract

In this paper I explore the disparities in accessibility and quality of premium artificial

intelligence (AI) services, using OpenAI's ChatGPT Plus subscription as a case study to

analyze global inequalities in the distribution of AI technologies. The focus for this paper

is on economic viability and linguistic proficiency of current AI models, while

acknowledging the complex network of unfair underrepresentation and

underperformance issues beneath the surface. The research highlights how premium AI

subscriptions like ChatGPT Plus exacerbate existing disparities by privileging certain

geographies and demographics while excluding others, creating feedback loops

enhancing the biases in AI development and reinforcing the digital divide. With the

employment of a novel metric, the National Artificial Intelligence Cost Effectiveness

(NAICE) index, this study puts the relative affordability and performance of AI services

across different regions into perspective, revealing significant disadvantages faced by

countries in Sub-Saharan Africa, South Asia, the Middle East, and North Africa

compared to North American and European countries. It shows that while AI has the

potential to enhance societal functions, its current trajectory could deepen global

inequalities. My findings emphasize the need for more inclusive AI development

practices and broader accessibility to ensure that the benefits of AI technologies are

equitably shared. Lastly, I highlight the importance of interdisciplinary efforts to address

the sociopolitical implications of AI and call on the academic community to lend your

expertise to this pressing issue.



Introduction

In this paper I will be examining the global disparity in accessibility and quality of

premium AI services, to conceptualize the question of “who” have access to AIs,

highlighting the multidimensional nature of the AI equity dilemma being more than a

matter of economic feasibility, instead it involves digital representation of demographics

deeply shaped by the complex power dynamics of geopolitics and control of global

discourses. I will be examining ChatGPT’s premium subscription, which gives access to

their latest model ChatGPT-4, as an entry point, due to its popularity and its current

status as the catalyst that launched this current AI “arms race”. Not only is ChatGPT

often used as a comparison for benchmarks for new model research, the price point set

for its premium subscription was followed by many of its major competitors on the

market. In many senses, OpenAI’s viral model has set the standard for the generative

AI industry to follow. Through analyzing the different obstacles users may face in

accessing and utilizing this service, I hope to build an understanding of how this

emerging technology can potentially enhance global disparities from two main

perspectives: the economic viability to afford the subscription, and the actual

performance of the model when taking into account its proficiency to interact with

different demographics and communities, which in the scope of this study is limited to

linguistic difference. While ideally, a more comprehensive evaluation would also

consider factors such as the model’s understanding of different cultural and religious

knowledge, of different racialized and gendered experiences, such a task requires data

not readily available and necessitates a large team of experts from various backgrounds



and disciplines. And I hope that this paper can pave the way for future research to dig

deeper into this new perspective on AI alignment.

Background

In early 2023, global attention has become increasingly fixated on the emerging

applications of generative artificial intelligence (AI) technologies following the rise to

popularity of ChatGPT, a chatbot powered by a large language model developed by

American technology company OpenAI. While there have been many ethical issues

surrounding the training of these models and their potential for misuse, such as

spreading misinformation or plagiarism of intellectual properties.

ChatGPT is an AI Chatbot based on the GPT-3.5 large language model, a natural

language processing model trained with dataset and calculating power on a massive

scale to iteratively predict texts to achieve the effect of autocompletion, and, in its

particular use case, generate almost human-like responses to user input. It is worth

noting that the term ChatGPT can also be used to refer to the GPT-4 model, which is a

more advanced version of the AI with multi-modal support. Since its launch in

November 2022, it quickly became viral and broke all previous records to become the

world’s fastest app to reach 100 million users in just two months after the launch, a feat

that took the previous record holder TikTok nine months and Instagram more than two

years to achieve (Milmo, 2023).



Following its rise to popularity in early 2023, the world seemingly entered an era of rapid

evolution in the AI industry. Microsoft, who has been a major investor and partner of

OpenAI, with the latter’s models trained and deployed on its cloud computing platforms,

took advantage of the momentum with its GPT-4 powered new Bing search engine and

Edge browser, forcing its competitor and long time monopoly of the search engine

business Google into a rushed and unpolished demo of their own AI Bard based on

their LaMDA model (Metz and Grant, 2023, Coulter & Bensinger (2023)). It has since

announced an ambitious plan to incorporate GPT-4 support into other products from

Office 365 to Github and even Windows itself, aiming to have the AI-powered copilot to

revolutionize the idea of productivity in work places (Dohmke, 2023; Spataro 2023).

These are but a few examples of practical applications being enhanced with generative

AIs like ChatGPT. Outside of the big tech, ChatGPT is also gaining attention in its

potential as a platform connecting the user to other tools and services with third party

plugins and even showed potentials for identifying other specialized AI models to

“outsource” its work (Shen et al, 2023), all through its natural language interface.

ChatGPT may well serve as the “fundamental model” that many have speculated will be

key in powering professional and enterprise level AI tools such as GeoAI for spatial

modeling (Janowicz, 2019). While these are in theory possible with any large language

models, due to ChatGPT being the most popular and accessible one to be released so

far, it is likely it will continue to be regarded as an industrial standard for some time to

come, especially following the release of its app store-like custom GPT update..



ChatGPT, especially following the release of its GPT-4 Model, has so far been one of

the global leaders in generative AI models available on the market, both in terms of the

high-quality of its responses and low bar of entry. Until recently in April 2024, the basic

ChatGPT model required a valid phone number verification from a supported country or

region in order to participate in the public preview, but is free to use otherwise. While

others, like Google’s Bard (now replaced by Gemini) or Microsoft new Bing (now

renamed as Copilot), had a history of originally requiring users to sign up for a waitlist

that can go from days to months before they are able to get access. What they have in

common is that initially these supported countries are restricted to a small number of

countries starting with the United States, and often the United Kingdoms and other

English Speaking countries. In terms of its high-quality responses, a research team from

Microsoft given early access to the GPT-4 model went as far as boldly claiming that this

may be the “sparks of artificial general intelligence”, showing potential for a “true”

intelligence that can achieve and exceed human level intelligence in generalized tasks

the future, after a thorough research of the model finding many unexpected and

unexplainable signs showing the model’s apparent emerging logical capabilities. To

quote the paper published by Microsoft Research: “Why does it exhibit such general

and flexible intelligence when it is at its core merely the combination of simple

algorithmic components—gradient descent and large-scale transformers with extremely

large amounts of data?” (Bubeck et al, 2023). Not even its developers could yet answer

to this. Some scholars are theorizing that the model may already possess a “theory of

mind” under certain definitions and suggest it may be beneficial to start looking at these

neural networks from a psychological perspective (Kosinski, 2023). Perhaps one thing



that can be agreed on is that future research into how AIs understands and interacts

with the world and the implications of AI technologies will, and should be increasingly

relevant to scholars across all disciplines. As part of this effort to make AI a topic of

interdisciplinary focus, this paper focuses on the technology's sociopolitical implications

as it threatens to magnify the existing technological inequality on a global scale.

While the question of how generative AI like ChatGPT may be used for our society, as

well as their potential pros and cons are still being widely discussed, consensus from

scholars across various fields could agree that it has immense potential to improve our

society, as much as we need to watch out for the possible harms it could cost us

(Dwivedi et al, 2023). There is little doubt that ChatGPT has the potential to become an

integral element of many people's daily lives. ChatGPT has the potential to reduce

technical barriers and help small businesses and individual entrepreneurs turn their

ideas into products with the upgrades it received alongside the GPT-4 updates,

including web browsing, image generation and coding capabilities. But such power is

not equality distributed among populations across different geographies and

communities as it is barred behind paid access through the ChatGPT Plus subscription.

In this paper I will mainly focus on the economic and linguistic aspects of this gap, but I

want to make a quick note that there exist many other forms of disparities beyond the

ones we are able to study and present, including race, gender, sexualities that may

exhibit different patterns when examined at a different scale.



Theoretical Perspectives

The New Digital Divide

The term digital divide itself can be seen as an umbrella term that encompasses a

variety of inequalities brought forth by the advent of technologies. These inequalities

can span across different industries such as healthcare, communication and

transportation, it can refer to the gap in physical access to smart devices, the internet,

or digital media, or it can refer to the gap in one’s familiarity and skill with technologies.

What’s more, it continues to take on new forms of division as new technology emerges

(Van Dijk, 2020, Lythreatis et al, 2022). Ever since the beginning of the Covid-19

Pandemic, it has become increasingly clear that access and experience with digital

technologies is becoming more vital than ever, with the likes of digital payments, digital

healthcare, remote classes and remote working becoming more popular and even

pseudo-mandatory. In China, for example, research found that the age-induced digital

divide has expanded substantially during the pandemic as the country picked up speed

in digitization at the height of the pandemic, which caused inconvenience to the elderly

population as they struggled with accessing healthcare and making transactions over

smart devices (Song et al., 2021). This increasing digitization of work and life continues

to further marginalize already technologically disadvantaged populations as part of the

non-sanitary risks brought forth by the pandemic (Nguyen et al, 2021). And now, with

the growing popularity of generative AI technologies, another form of digital divide may

have already emerged.



Characteristics of this new AI-led digital divide can be summarized as follows: the lack

of education and literacy on the technology for the public, and the underrepresentation

of communities within the models. With the AI’s convincing human-like mannerisms and

overly enthusiastic news boasting the capabilities and intelligence of this new wave of

AI models, it is easy for unsuspecting person to believe that the AI we have today have

achieved the level of human intelligence or sentience of a similar kind as in science

fiction, when that is still far from the truth. There have been warnings against the

ramifications of anthropomorphizing AIs, which are fundamentally different from human

consciousness (Salles, 2020). But the market for AI companions and assistants

continues to grow, events such as Microsoft’s preview launch of new Bing assistant

“Sydney” had shown, the public can be susceptible to developing feelings for AI

assistants when they exhibit certain unhinged human-like traits and behaviors, and are

prone to the illusions that there is a spark of sentience underneath, to the degree of

(Edwards, 2023, Peng, 2024).

The underrepresentation issue within models, on the other hand, is a distinctive trait of

this new digital divide. Unlike the traditional digital divide that is centered around the

access to digital media, which is something visible and quantifiable, the unequal

representation of different identities and experiences within language models is an

invisible gap. People can have access to the same AI service in principle, but the actual

performance and relevancy of a model’s output is highly variable depending on the

user’s background and identity, their native language, for example. This is part of a

much larger subject that I will only be examining one aspect of in the scope of this



paper. In the technical report published for GPT-4, researchers recorded the GPT 4.0

model’s performance across 27 different languages using a system of multiple choice

questions spanning 57 subjects in both academic and professional settings. They found

that the model is much more proficient when interacted with in English, followed by

many other major European languages. While less-spoken languages such as Marathi

and Telugu that were tested performed considerably worse, scoring below even GPT

3.5’s performance in English in the evaluation(OpenAI, 2023). It is worth noting that the

test focused on the model’s performance in academic and professional settings, and

does not take into account more qualitative metrics such as the model’s capacity in

understanding specific cultural contexts, social cues or localized knowledge in regional

dialects of creole languages. When in real life these nuanced factors all play a part in

determining the usefulness of an AI. A model’s understanding of different languages is

highly dependent on the quality of the training data. In the case of GPT-3, ChatGPT’s

predecessor, nearly 93% of its training data was in English by word count, whereas the

aforementioned Marathi and Telugu only consist of 0.002% and 0.001% of the data

respectively. Likewise, many widely spoken languages, such as Chinese, only made up

0.1% of the training data, showing a significant underrepresentation of Chinese

speaking communities in the training data (Brown et al., 2020). This discrepancy likely

arises from the greater availability of English content in publicly available datasets

commonly used for AI training, which is beyond the control of developers and reflects

wider global power dynamics behind the dominance of English in research and industry.

It is a glimpse into a broader, intersectional web of global inequalities that yet remains

obscured without readily available data to support them (Peng, 2024). But that is not to



say OpenAI did not introduce their own biases in the process of developing their

models. For example, the Common Crawl is one of the largest open-source datasets of

aggregated web crawler data, commonly used in training of generative AI and a major

source of data for OpenAI in training GPT-3, taking up 60% of the training data (Brown

et al., 2020). The statistics on linguistic diversity of the dataset reported that while still

disproportionately dominant, English data contributes to just under 50% of the entire

dataset. To put into perspective, after OpenAI’s curation and assessment to filter out

“quality data”, English data increased from a level of ~45% in one of its major sources to

93% in the final training data, while the likes of Chinese went from ~5% down to ~0.1%.

The multidimensionality of AI Inequality

The factors shaping inequalities during the training of LLMs is multidimensional and

spans the aforementioned linguistic disparities, political, economical, cultural, and more.

Given the substantial investments needed to develop proficient AI systems, not all

countries, particularly smaller and developing ones, will have the resources to create

their own equivalent of ChatGPT, nor would it be economically feasible or

environmentally responsible to do so. Although there are an increasing number of

alternative LLMs to ChatGPT to have been announced or in development, to name a

few of its major competitors, Claude from Anthropic, Bard(now upgraded into Gemini)

by Google and META’s Llama, which is open sourced and powers a substantial amount

of the current line of fine-tuned models developed by smaller companies and academic

researchers. With the majority of companies having the requisite resources to develop

and train their own models based in the United States and answering to U.S.



regulations, U.S. legislations hold unrivaled political power and influence over the global

AI industry, at least for the time being. Which raises concerns such as security risks of

having sensitive data being held and processed by foreign companies as well as

potential biases in the models in different cultural, political and linguistic contexts.

Therefore it is crucial that we examine and try to understand the disparities among

countries in terms of affordability and accessibility of these technologies.

So why should we care about ChatGPT Plus, when the base model is currently free for

(almost) all to use? And what does the premium subscription do, exactly? For now it

translates to priority access to the ChatGPT platform during peak hours whereas free

users may be refused service, in addition to limited usage of early access models yet to

be released to the public. Among those models are the latest GPT-4 which has been

drawing attention to its much improved performance, not only in terms of quantitative

benchmarks it was tested against, but also its unexpected emergence of apparent

“intelligence”. Since its release, the GPT-4 model has been upgraded to support visual

input, image generation, web browsing, built-in code execution environment, and more,

all of which can be game-changing in their own sense. Take for example the custom

GPTs feature, which allows users to customize an AI assistant’s behaviors and grant it

expanded API calling privileges, allows them to function as autonomous agents capable

of independently executing tasks such as doing web research, performing data analysis,

writing and sending emails, creating diagrams or even maps. While new features will be

gradually rolled out to free users over time, months of priority access of increasingly

powerful models and features in the future, like the potentially upcoming GPT-5 model,



will continue to create rifts between free and paid users. Whether the user is an

entrepreneur looking to launch a new business idea, an academic doing research on AI,

or just an average user trying to make their daily lives more convenient, being a few

months ahead of peers give subscribers the first mover advantage in the rapidly

evolving industry and a jumpstart in developing AI-enabled products, where ideas

become more valuable as the AI itself in part contributes to the breaking down of

technical barriers. While the majority of the public could only speculate and rely on

second-hand information, sometimes outdated or mixed with misinformation from social

media and content creators. Not only does this give certain groups the privilege to

control the narrative on AI, it also limits which demographics are able to actively engage

in the shaping of future models through feedback.

Methodology

In order to explore and visualize the tip of the iceberg on the intersections of affordability

gap and unequal representation of communities, I focused on collecting available

demographic and economic data from publicly accessible databases from reputable

organizations under the United Nations Statistics Division and the World Bank, as well

as previous published research and benchmark scores from first-party sources such as

OpenAI. In order to analyze and compare the overlapping and intersecting dimensions

of unequal access to AI, I developed a novel metric to represent the relative affordability

and quality of AI services on a national scale: the National Artificial Intelligence Cost

Effectiveness (NAICE) index. The NAICE index is calculated by integrating each

country's relative GDP per capita, compared to the United States, with an estimated



weighted average of the model's performance in the population's first language. The

formula for NAICE is presented as follows:

NAICE = 𝑃
𝑟
× (

𝑖=1

𝑛

∑ ω
𝑖
× 𝑆

𝑖
)

Here the represents the relative gross domestic product per capita in units of𝑃
𝑟

purchase power parity, expressed as a percentage normalized against the United

States. The denotes the model’s benchmark score for language , and is the𝑆
𝑖

𝑖 ω
𝑖

percentage of population speaking language .This composite index encompasses two𝑖

critical dimensions of global AI disparities: the economic and performance factors,

underscoring the inequitable affordability and varying quality of AI services across

different regions. While ideally, the index should consider additional performance factors

such as the model’s understanding of different cultures and granular local knowledge,

this simplified formula is meant to highlight the multidimensional nature of these equity

issues, especially to emphasize that there are many aspects of this inequality that can

be difficult, if not outright impossible to quantify, rather than to be interpreted as a

comprehensive representation of the current global disparity.

Data Sources and Collection

The data for this analysis were derived from multiple publicly available databases and

government websites. Population percentages by language were obtained from the

United Nations Statistics Division’s Demographic Statistics Database. In instances

where specific language data were unavailable, a country's primary language was

assigned based on listings from the CIA World Factbook. Economic indicators and



population figures were sourced from the World Bank. AI performance benchmarks

were adapted from OpenAI’s GPT-4 Technical Paper, which detailed the outcomes of

rigorous internal testing of the model through the MMLU (Multimodal Multi-Language

Understanding) examination. Languages not covered in the benchmark received a

default score of 75, acknowledging the limitations of available data.The data for these

analyses come from a range of publicly available databases and government websites.

Specific percentages of population by language is calculated using data from the United

Nations Statistics Division’s Demographic Statistics Database. It is important to note

that the exact date of these data were updated varies by country. When the information

is unavailable, a country is instead assigned their primary language based on the CIA

World Factbook listings. The economic data and population data are sourced from the

World Bank. I selected the year 2022 specifically due to it being the latest cutoff date

before projections begin. The benchmark scores for each language are adopted from

OpenAI’s official GPT-4 Technical Paper (Bubeck et al, 2023), in which they disclosed

the MMLU benchmark scores (MMLU stands for Massive Multitask Language

Understanding, a series of comprehensive tests for measuring a language model’s

problem solving capabilities across a variety of subjects in both professional and

academic settings) for their models during internal testing. Languages that were not

tested on the benchmark were given a default score of 75 taking into account the overall

scoring tendencies. In the year since the paper has been published, the model has

been updated multiple times and due to how rapid advancements in the AI industry can

be, these may not reflect the latest performance of the model.



Limitations and Future Improvements

Due to the sheer scale of the topic and limited time and resources for research, many

assumptions had to be made, for example it is difficult to take into account how people

who are bilingual or multilingual experience this linguistic discrepancy. For countries like

where multilingualism is common and social stratification is much more prevalent, a

thorough research would necessitate a local scholar’s expertise. So once again I would

like to reiterate that I conduct this analysis with hopes that this work will pave the way

for future research on a more extensive and expansive scale.

Results and Discussion

My analysis of the AI cost-effectiveness index yielded a few significant findings: the

majority of Sub-Saharan African, South Asian, Middle East and North African countries

are in the bottom 50% of populations in terms of AI access. Which is clear to see in

Figure 1, which shows a scatterplot of the NAICE index scores of 176 countries or

areas, measured against their population size with a horizontal line indicating the

estimated 50% division of the world’s population by NAICE scores. East Asian and

Pacific countries and Latin American and Caribbean countries have a larger spread

near the center, while the top of the chart is dominated by North American and

European countries.



Figure 2 takes a closer examination at the intersections between the composite

linguistic performance scores compared to the relative purchasing power in each

country. Here we can see that major North American and European countries are at a

relative advantage compared to much of the world, both in terms of economic status

and linguistic dominance. It is interesting to see that many Latin American & Caribbean

countries as well as Sub-Saharan African countries, despite being at an economic

disadvantage, do not possess much of a linguistic barrier when using AIs, in part due to

their colonial history and sharing the same language as their colonizers. (It is important

to clarify that this assumes their languages are identical, when in reality, creolization can



result in terms and dialects that are far apart enough to confuse AIs). This is in contrast

to East Asian & Pacific countries, notably Japan, Korea and Singapore, despite having

robust economies, nonetheless suffer from less competent AI in their official languages.

When considering disparities in affordability between the Global North and the Global

South, as well as the linguistic and cultural hegemony of the white

European-Americans, the majority of the world is placed at a disadvantage in one way

or another, oftentimes in multiple overlapping fashion.



This situation raises several concerns, such as which societies truly benefit from

AI-enhanced productivity. Notably, the underpaid Kenyan workers who contributed to

the development of ChatGPT models may not be able to afford access to the latest

model themselves(). I also want to acknowledge that numerous other barriers exist

beyond the fI’m presenting in this paper. For instance, ChatGPT Plus was initially made

available only to users in the United States before gradually rolling out to users around

the world. Countries like China, Russia, and Iran were not supported by OpenAI and it

had been briefly suspended in Italy out of privacy concerns (OpenAI, n.d.). While users

from these regions could potentially bypass these restrictions through proxies and

virtual private networks (VPNs), this workaround still presents a significant deterrent for

the average citizen. The fact that even though Chinese as a language is supported, the

people from China are denied its service serves as a political motivation for China to

develop its own LLMs, which leaves its citizens with fewer options for their source of

information. The perspectives I've presented are not intended to be comprehensive

representations of the complex network of inequalities perpetuated by the AI industry. In

fact, there may be no straightforward solution to accurately present this landscape.

And to emphasize the importance of improving accessibility, companies like OpenAI rely

on user feedback in a process called reinforced learning from human feedback (RLHF)

to help correct the model’s behaviors and address misinformation and biases, in

addition to potentially using their conversations to train their future models. When

certain demographics are barred from participating in this process, we are also

excluding their input in future generations of AIs. In a sense, the training of AIs can be



seen as to some extent a limited democratic process. It goes to show that visibility in the

digital world can, in a literal sense, affect whether and which communities benefit from

AI technology, and how well they do, underscoring the need for more diverse data

practices and alerts us to the implications of invisible digital exclusion and displacement.

For example, if ChatGPT makes mistakes or generates harmful content in English, it

may be more likely to be identified and reported in a timely manner. But what if it

misinterprets an expression in a more obscure language, like Icelandic, or Punjabi? Or if

it has a tendency to provide inaccurate and discriminatory information about a

less-known cultural practice in Southeast Asia? There would be far fewer users from

these backgrounds who can catch these errors, even fewer willing to submit feedback to

the developers. In fact, this has already been found to leave vulnerabilities and security

risks, as researchers found it possible to exploit the model’s lower “intelligence” by

prompting in less common languages to bypass ethical protocols more easily and

generate harmful outputs (Yong et al., 2024). The potential exploitation of AI

vulnerabilities in lesser-spoken languages is not just a technical oversight but a

reflection of deeper societal divides. These vulnerabilities not only leave marginalized

communities more vulnerable to misinformation and biased outputs, but also risks

perpetuating a cycle of exclusion. A cycle fueled by insufficient data and a lack of

feedback from these communities, which in turn leads to continuous underperformance

and bias in AI models tailored to these languages and cultures. As we enthuse

ourselves with the newest capabilities and potentials of generative AIs, it is crucial to

keep in mind that it may further exacerbate the current inequalities in our society.



The substantial costs associated with training, fine-tuning, and testing large language

models—owing to the hardware, data, and human resources required—currently

remains an insurmountable barrier for most developers, save for those backed up by

tech giants, Google and Microsoft and the likes. However, recent findings, such as the

Alpaca model from Stanford University's Center for Research on Foundations, suggest

that it may be possible to create adequate models at significantly lower cost by

fine-tuning open-sourced large models such as Llama from Meta, on AI generated

instructions instead of real human feedback (Taori et al., 2023). This approach could

enable smaller companies or even individuals to leverage open sourced models, albeit

with limited performance compared to the most advanced models. However, there is still

concern over whether models trained this way can truly understand nuanced human

contexts, beyond the typical benchmarks that only examine a model’s logical reasoning

capabilities. It risks creating feedback loops with AI feeding itself hidden biases from the

AI that generated the instructions. This also leaves researchers reliant on the generosity

of the industry regarding the open-sourcing of their models, if they choose to do so at

all. Unfortunately, the direction which we are headed towards appears to give way to

heightened competition over cooperation. To quote OpenAI's GPT-4 Technical Paper:

"Given both the competitive landscape and the safety implications of large-scale models

like GPT-4, this report contains no further details about the architecture (including model

size), hardware, training compute, dataset construction, training method, or similar"

(OpenAI, 2023). This sets a precedent for the industry where others may choose to

follow. While these safety concerns are indeed valid due to high risks of AI misuse, it's



worth noting that this lack of transparency may hinder academics “outside the loop"

from engaging with the conversation, at a time when critical interdisciplinary

perspectives are much needed.

(Figure 3, an example benchmark score provided by Anthropic to promote their Claude

3 model)

Conclusion

In this paper, I have examined the disparities in accessibility to OpenAI's premium

subscription service across different countries and explored the potential implications of

this inequality. Although this case study focused on using ChatGPT to exemplify the



generative AI industry, the trends we have uncovered can often be seen in other AI

assistant services such as NotionAI, Bard/Gemini or Claude. The Bard preview for

example was initially only offered to users in the U.S. and the UK at its launch, with its

conversations restricted to English, despite the model itself having multilingual

capabilities (Hsiao and Collins, 2023). These practices, even if they are rooted in

practical considerations for legal reasons or out of ethical considerations to prevent

misuse of AI generated content, can still contribute to accelerating global inequality.

These are the results of circumstances deeply rooted in global inequality and will persist

or even risk intensifying without swift and dedicated efforts to address them. The same

technology that divides us has ample potential to bridge inequalities and help

marginalized communities instead, for example, the Icelandic government’s partnership

with OpenAI to preserve the Icelandic language using GPT-4 shows potential in

leveraging large language models in preserving endangered cultures and languages. If

AI is to benefit humanity as a whole, communities and populations from all backgrounds

and communities should have an opportunity to participate in the production of

knowledge.

At the end of this paper, I want to reiterate my stance that the topic of accessible, fair AI

is a pressing concern that calls for our collective attention and action. What I have

touched upon in this paper is only the tip of the iceberg, much more remains to be

examined. With that said, I wish to call upon the wider academic community to lend their

expertise and perspectives to this subject.
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Reconstruction of Social Inequalities in a Digital Reality

Abstract

This paper introduces a novel framework called Layers of Realities for analyzing

inherited biases in large language models(LLMs) development as a window of insight

into deeper societal inequalities issues. I combine lines of thoughts from technological

insights in AI research and critical feminist social theories to interpreting LLMs not as

mere tools of production, but as spatial embodiments reflecting our society’s various

inequalities, its stratification and structures of power that replicates themselves in the

digital space. In the paper I discuss the intricate interactions and connections between

three representations of the world- corresponding to the physical world, internet and

LLMs on an increasingly distorted scale: the Physical Reality, the Digitized Reality and

the Modeled Reality. By building a framework for analyzing these alternate

interpretations of realities as a collective, I call for more comprehensive readings of

equity issues in AI ethics, not as isolated issues but as part of larger systems of

inequalities that have taken root across multiple layers of realities. Through this I hope

to draw attention to the necessity of recognizing the voices of marginalized communities

in an increasingly digitized society. In doing so, the paper is not only a theoretical

exploration but also a call to action for conversations between AI research and social

scientists to look beyond issues of algorithmic biases and work on interdisciplinary

efforts to tackle the underlying causes embedded in our social structures.



Introduction

With the generative AI “arms race” attracting attention across the globe, the idea of AI

ethics and AI alignment has become an increasingly prominent topic as many dubbed

the crisis of potential uncontrollable AI an “existential crisis” for humanity. In early 2023,

following the rise to popularity of ChatGPT, a number of well known scientists, industry

leaders, politicians and public figures have been active in alerting the public to the

potential threat of these new actors of our society. The first major milestone was a

petition calling for a 6 month pause of developing models more powerful than GPT-4,

before human legislation and regulations can keep up with the rapid advancements in

the field. Later a substantial number of public figures, including reputable scholars,

government officials and top executives of the leading AI companies like OpenAI and

Anthropic themselves collectively signed an ominous statement: “Mitigating the risk of

extinction from AI should be a global priority alongside other societal-scale risks such as

pandemics and nuclear war.” (Center for AI Safety, 2023). OpenAI for example had

committed itself to the idea of “AI superalignment”, promising to dedicate part of its

resources to ensure that in the event artificial superintelligence that exceeds human

intelligence is achieved, it will continue to operate in alignment with human values and

welfare. The team, however, has since been disbanded following the resignation of

several key scientists. This paper is in part a response to the ongoing discussions

around AI ethics and asking the question: who are these “humans” in these statement?

Here in this paper, I aim to synthesize the ideas behind AI ethics in large language

model training, and ideas from critical social perspectives, to bridge the gap between

social sciences critiques and cutting edge technologies, both offering critical



perspectives on the technology itself and abridging technical concepts for social

scientists to understand. I create the “layers of realities” framework as a way of

understanding the relationship between society, the internet and large language models.

In this framework, I argue we should examine LLMs not as mere algorithms or

assistants, but as an alternative spatial projection of the internet and by extension our

society. This way of thinking about AI biases and ethics provide new perspectives on

the visible or invisible inequalities in our society, and highlight struggles for fair digital

representation on the internet and to be visible in public research.

Large Language Models as Spatial Embodiments

Instead of focusing on the more nuanced technical details, I conceptualize large

language models (LLMs) as spatial social models based on foundational techniques

behind models such as GPT. In the realm of natural language processing, a method

known as word2vec was a popular approach for translating human-readable words into

machine-legible vector data. This technique is the predecessor that laid the groundwork

for modern large language models, including the now global phenomenon ChatGPT.

The method transforms a vast amount of text data as tokens into vectors in a high

dimensional vector space, thus the spatial relationships of those words come to

represent the semantic relationships between them (Mikolov et al, 2013). In this vector

space, tokens can be compared for their similarities and difference in spatial terms, in a

similar fashion to Tobler’s first law of geography: closer things are more related to one

another. One can anticipate the word “run” to be closer to “walk” than it is to “cook”.

Another popular analogy is that taking the word “king”, subtracting “man” from it and



adding “woman” would result in “queen”. With words reduced to mathematical

properties, computers and algorithms are thus able to work with and “understand''

human languages by running calculations and analyzing the complex patterns and

relationships between words.

While word2vec captured simple linear relationships among words, the evolution of

deep learning brought about the Transformer architecture, a paradigm shift that

significantly enhanced how models handle language. Unlike earlier models that

processed words sequentially, Transformers employ a mechanism called "attention" that

assesses all words in a text simultaneously. This comprehensive view enables the

model to maintain context and produce more relevant outputs, revolutionizing the

capabilities of LLMs (Vaswani et al, 2017). From these basic principles and vast

amounts of training made possible in modern data centers, these language models are

able to read over texts and predict the probability of the next word in a sentence.

The current large language models are not sentient, despite their seemingly intelligent

behaviors at times. Even when they generate responses to the user’s input, they are not

exactly “conversing” with the user, rather they are simply predicting what a most

appropriate response would be. If we take a spatial metaphor, it would be similar to

pathfinding in a high dimensional maze given a general direction by the user.

Naturally, this method of understanding the world is inherently imperfect, teeming with

assumptions and biases embedded in the data in addition to sometimes the language

itself (such as cases where words can have masculine or feminine properties, or

grammatical shifts based on the speaker’s social status), despite the best efforts to



mitigate them. But from a different angle, it can also be argued that if we take into

account the amount of data and context involved in the process, they can be considered

(imperfect) miniature replicas of our society, at least the part of the world that has been

digitized.

Advanced language models today have achieved exceptional performance beyond what

even their developers have anticipated. Many models have exhibited unexpected

capabilities that hints of possible logical capability. Some of the current flagship models,

for example the GPT-4 developed by OpenAI, are considered by many researchers as

showing potential that artificial super intelligence that exceeds human level intelligence

is possible (Bubeck et al., 2023). With AI becoming more complex and human-like, it is

becoming a trend for AI related research to be interdisciplinary. Some scholars are

suggesting we can benefit from looking at AI from the perspectives of psychology and

neural sciences (Kosinski, 2023). In contrast to those employing interdisciplinary

approaches to understand the models themselves, I will explore how the models when

viewed through interdisciplinary perspectives can help us understand our own society.

Through viewing LLMs as spatial embodiments of our social constructions, we can

reflect on how concepts such as gender, race, etc. are constructed and perceived by

our society, and how we can rethink our relationship with our identities and the world.

Digital Twins and Social Reproduction of Inequalities

The concept of the digital twin has gained significant attention in recent years and has

attracted extensive research and definitions. A digital twin can be defined as a

comprehensive digital description of a product that can simulate the behavioral



characteristics of a realistic model (He, 2023). It involves the integration of data

between a physical and virtual machine in either direction (Fuller et al., 2020).

Furthermore, it can be described as a realistic digital representation of something

physical (Cooper et al., 2022). The evolution of digital twin technology has been marked

by the convergence of advanced machine-learning algorithms, data analytics,

visualization, modeling, and simulation techniques. This convergence has paved the

way for the development of sophisticated digital twin systems capable of bridging the

physical and virtual realms seamlessly (Jeong et al., 2022).

However, here in this paper I would like to extend the definition of digital twins to

represent something more than physical- just as digital twins can be used to simulate

physical objects, for planning smart cities or modeling assembly lines, it has the

potential to be used for modeling our society in an abstract sense. In this alternative

interpretation of the digital twin, the average internet user is acting as unconscious

sensors in their everyday life, sending a steady stream of data to the internet by means

of social media updates or forum posts when they share their knowledge and

experiences. This information, while qualitative and highly subjective, when aggregated

on a massive scale like in the case of LLMs, can become a loose physical

representation of the proceedings and history of our society in vector space. This digital

representation of our society is not a digital twin in the sense of a simulation system for

real time climate or traffic data, but one that simulates the consensus of mainstream

society.



The projection of the real world into digital space is inherently a lossy conversion. At any

given time, only a fraction of the entirety of the vast repository that is humanity’s rich

history and diverse cultures is available in the form of digital datasets, ready for use in

the training. Even fewer data can make it through the selective and biased curation

process to become training materials for the LLMs. What is considered valuable enough

to become digitized by those with the power and privileges to do so, and what is then

considered high quality data to be used in model training, every step along with the way

is teeming with subjective decisions based on assumptions, biases and convenience of

the decision maker’s background and identity. I view this as an application of the social

reproduction theory, often used by marxist feminist scholars in their analysis, which

states that society perpetuates itself not only to ensure its continuity, but also

reproduces its systemic inequalities and mechanisms of oppression (Rodríguez-Rocha,

2021). In the digital context, this means that biases, privileges and inequalities in the

real world are mirrored and magnified in digital space. They seep into AI models in the

form of bits and pieces of biased data as they get picked up by web scrapers, in a

similar fashion to how microplastics infiltrate the ecosystem and find their way up the

food chain, until they eventually turn up at our dining tables. As another example,

developers do not need to deliberately train a LLM to understand who Harry Potter is or

the plot of the series, when pieces of the information can be found throughout the

internet and end up in the training data inevitably. Instead, given how popular the series

is, researchers are finding that it is incredibly difficult to try and make a model “forget”

about the series(Eldan & Russinovich, 2023). And thus, far from being a faithful replica

of the real world, what this results in is a warped digital reflection of our world that



greatly distorts and overemphasizes certain experiences and perspectives over others,

creating what might be considered a parallel or alternate reality. A reality as

experienced and perceived by the privileged members of society.

Data Feminism and Defining Humanity

It is well known in the machine learning community that algorithmic bias is produced in a

“garbage in, garbage out” fashion, meaning that training on biased data results in

biased algorithms. LLMs are not immune to this law, as they can often make biased

assumptions especially visible when producing images. This is also widely known in

computer vision, as there is already extensive criticism both across mainstream media

and within academia on computer vision algorithms’ biases in identifying and

categorizing people of color, especially for black women who suffers at the intersection

of racial and gendered discriminations (Buolamwini & Gebru, 2018). These kinds of

algorithmic biases have been extensively discussed in ideas like data feminism which

challenges the binary nature of algorithmic classification and advocates for embracing

pluralism in AI technology (D’ignazio and Klein, 2020). While for smaller models a

seemingly obvious solution is to improve data quality and diversity by spending

additional resources on curating the training data and ensuring a fair representation of

different identities and communities, this becomes increasingly less practical when it

comes to training LLMs due to their “hunger” for data. As the performance of LLMs are

heavily reliant on their size and scale, the required datasets to train new models have

grown to a scale that makes extensive human vetting and supervision unrealistic.



These nuanced and overlapping factors come together to paint a picture of “inevitable”

bias in the training of LLMs. While that is no reason to discontinue the ongoing effort to

minimize and mitigate their implications, it should challenge us to confront the historical

biases and systemic inequalities that lead up their embedding in society. To be

transparent and honest about them, rather than to “fix” the issue with performative

actions, as Google have been criticized in recent times for Gemini’s image-generation

tool producing historically inaccurate images such as “ethnically diverse” German

soldiers during WW2, when they implemented low-effort performative measures to force

the model to diversify gendered and racial expressions as an attempt to conceal the

underlying biases in the algorithm (Milmo, 2024). In a sense, the internet and by

extension, large language models are extensions of the social mechanisms that

reproduce and amplify existing inequalities. Not only do they assist in perpetrating

biased and discriminatory narratives, they also play a part in suppressing the voices of

marginalized groups.

The reproduction of social stratification raises another alarming question: who is the

“human” in the context of the AI community’s common goal of ensuring AI alignment

with "human values". My thinking here is influenced by decolonial feminist scholarship

and critiques of the idea of a universal image of humanity. When human values and

experiences across cultures and societies are so diverse and often contradicting one

another, we must be wary of potentially allowing the idea of being human to be defined

and reduced to the experience of a small group of privileged demographics, as it had

often been the case throughout history. A long line of critiques have Decolonial critiques



from scholars such as Sylvia Wynter point out the hypocrisy of the construction of the

image of the “rational man” as a tool of European colonizers to differentiate themselves

from the indigenous and African descent populations as victims of their colonization

(Wynter, 1995). As pinned by works of Silvia Federici in her historical analysis of witch

hunting and the stigmatization, exploitation and expropriation of women’s bodies and

labor, the same logic of “difference making” creates conditions that divide, dehumanize

and institutionalize the exclusion and discrimination against populations of marginalized

identities. (Federici, 2004, Collard & Dempsey, 2018). If we allow the idea of human

value to be reduced to a single, universal rule, then we risk the erasure of marginalized

groups and identities. It is for this reason I raise the question of “what does it mean to

be human” within the layers of realities framework, not only as a way of challenging the

AI industry’s power in defining humanity, but also to invite reflections on our perception

of social identities compared to the classification methods of an AI. inviting us to reflect

and act on the disparities in our own society as we would intervene in the case of a

biased AI.

The Layers of Realities Framework

The “Layers of Realities” theory is a framework I conceptualized building on top of the

aforementioned theoretical perspectives framing LLMs as representations of alternate

realities to the real world. Here I also introduce the internet as an intermediate layer

between the digital twins of society and LLMs. The three coexist as mirrors of one

another, in a pair of “digital triplets”. The three alternate perceptions of realities as

represented by each of the triplet, which I name the Physical Reality, the Digitized



Reality and the Modeled Reality, exist as layers built on top of the one another,

becoming increasingly warped and distorted in the process. Figure 4 below offers an

overview of the structure of the layers of realities highlighting the key struggles and

barriers between each reality.

Physical Reality encompasses the tangible world where human interactions and

experiences take place. This layer of reality needless to say has the lowest entry barrier,

all people who exist and have existed have been part of the physical reality. It is also the

most data-rich layer and the foundation of all other realities. Without our physical

existence, our technologies behind the internet and LLMs would not exist. Yet while it is

accessible to all, it is riddled with all manners of social inequalities, exploitations,



oppressions and strife. It is here that the politics and power dynamics shape the layout

of layers above. For those privileged enough to be unaffected by the digital accessibility

gap and have access to the internet, their devices act as portals to access the next

layer of reality: Digitized Reality. Digitized Reality embodies the collective lived

experiences of all those who have had access to the internet and spent time

contributing their knowledge to it. While this realm resembles Physical Reality’s

complexities, Digitized Reality is not strictly a derivative of Physical Reality. It has its

own set of rules to follow that can sometimes result in groups who are marginalized in

Physical Reality to find empowerment instead. While in the Physical Reality,

exploitations and oppressions may take on more explicit, physical form, here in the

digital space, that theme becomes replaced by the power struggles of control over

discourse and narratives, of fighting the recommendation algorithms for publicity and

visibility. Not every community’s voice can be heard on mainstream sites, be given room

on the front page and trending page of people’s social media feeds, or be portrayed in a

fair light.

From Digitized Reality is born the Modeled Reality as a projection of a projection. I

frame it as such because just like how the Digitized Reality is an oversimplification of

Physical Reality, no matter how much data is aggregated for LLM training, compared to

the entirety of the internet, it is still a very small amount of cherry-picked experiences

and perspectives. In a similar fashion to how barriers and privileges in the Physical

Reality affect who have access to the Digitized Reality, the stratification on the internet,

the disproportionate visibility and representation of communities, and LLM developers’



conscious or unconscious assumptions in data curation procedures give rise to further

distortions of this reality. A prime example of how discourse power shapes this

landscape is that popular elements of western culture like Harry Potter do not need any

explicit effort on the developers’ end to be included in a model’s knowledge base. They

simply make their way into the Modeled Reality through sheer popularity and

widespread presence in the Digitized Reality. In fact, research has shown that it is even

a hassle to try and remove such knowledge from a trained model (Eldan & Russinovich,

2023).

While the layers of realities are built on top of one another, their dynamic is not strictly a

hierarchical one as these realities exist not in parallel but in an intertwined and

overlapping fashion. The influence of the power dynamics is not simply a one-way

determination as we go from the physical to the virtual, but in a cyclical fashion. I argue

that society, internet and LLMs should be viewed as a collective coexistence, critiques

and observations over one should not take place without considering the others. In

figure 5, I present examples of how the interactions and power exchanges might take

place between these layers of realities.



The major contribution of the “Layers of Realities'' framework lies in its capacity to

provide a nuanced understanding of AI ethics and the broader social issues of exclusion

and marginalization. It challenges us to recognize that these equity issues are not

merely a product of any particular layer alone, but part of a larger construct that has

taken root across all layers of reality at once, replicating itself akin to that of the mythical

beast hydra, where one head gets cut off, new heads grow out. The layers of realities

framework provides the theoretical foundation for looking beyond simply addressing

issues like the struggles against unfair (under/mis)representation in our media, bridging



the digital accessibility gap or mitigating AI biases as isolated issues, it urges the

combination of technological insight with critical social theories and calls for coordinated

interdisciplinary actions. We must learn to take into account the context of all layers of

realities at once, in a coincidental fashion to the attention mechanism that revolutionized

the deep learning technique.

Conclusion

The main goal of this paper is to synthesize critical feminist theories and AI alignment

ethics in producing a framework that helps us conceptualize and understand the

implications of large language models on our society, as well as the society itself. In the

Layers of Realities framework I have laid out the necessary foundations for assessing

struggles of social equity and biases not just as isolated incidents, but taking into

account broader contexts. In doing so, I hope to not only facilitate further conversations

between AI ethics research and the more radical social theories, but also to inspire

explorations in creative methodologies that utilize the unreliable and undesirable AI

biases and turn them into useful analytical tools. As the stakes of digital inequality

continue to rise in the aftermath of the Covid-19 pandemic, the necessity of

acknowledging and confronting new forms of visible and invisible gaps and barriers

brought forth by emerging new technologies will only become more pressing if our

society continues down its current trajectory of digitization. As we move forward, the

Layers of Realities framework offers a valuable foundation for ongoing discussions

about AI ethics. It compels us to reflect on how AI shapes and is shaped by societal

forces, and how it becomes an intricate force shaping our society in turn. I hope that in



the near future, the groundwork laid by paper will serve as the basis for me or other

scholars to flesh out the framework and serve as guidance for responsible development

and implementation of AI technologies.
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