JOURNALDIGITAL

SOCIAL RESEARCH
JDSR 7(1) (2025) 66-82 10.33621/jdsr.v7i154879

Autocompleting inequality

Large language models and the “alignment problem”

Mike Zajko
University of British Columbia Okanagan, Canada

= mike.zajko@ubc.ca

Abstract

The latest wave of Al hype has been driven by ‘generative AI’ systems exemplified
by ChatGPT, which was created by OpenAl’s ‘fine-tuning’ of a large language
model (LLM). This process involves using human labor to provide feedback on
generative outputs in order to bring these into greater ‘alignment’ with ‘safety’. This
article analyzes the fine-tuning of generative Al as a process of social ordering,
beginning with the encoding of cultural dispositions into LLMs, their containment
and redirection into vectors of ‘safety’, and the subsequent challenge of these ‘guard
rails’ by users. Fine-tuning becomes a means by which some social hierarchies are
reproduced, reshaped, and flattened. By analyzing documentation provided by
generative Al developers, I show how fine-tuning makes use of human judgement
to reshape the algorithmic reproduction of inequality, while also arguing that the
most important values driving Al alignment are commercial imperatives and
aligning with political economy.
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1. Introduction

In early February 2023, numerous news outlets and politically conservative voices shared versions of a
story in which OpenAlI’s popular chatbot, ChatGPT, refused to condone the use of any racial slur, even
in a ridiculous scenario where racist language could somehow save millions of lives (Aleem, 2023). This
was one of several instances of conservative backlash against apparently progressive (or “woke”) values
being reproduced by chatbots (Tiku & Oremus, 2023). In a more recent example, Google’s Gemini Al
system was widely criticized for “inaccurate” depictions of historical characters, demonstrating what
many saw as an excess of gender and racial diversity (Edwards, 2024).

All of this is a markedly different dynamic than that found in earlier sociological critiques of Al (see
Benjamin, 2019; Joyce et al., 2021), wherein algorithmic technologies reproduce racism, sexism, and
more nuanced forms of inequality and ‘bias’. More than a decade ago, Google was criticized for providing
users with racist and sexist autocomplete suggestions and search results, thereby reinforcing oppressive
social relations (Noble, 2018). In response to media attention, Google explained that these results were
based on users’ behavior and interests, but did take steps to remove them (Auerbach, 2013; Gibbs, 2016).
The corporate risks of chatbots powered by language models were most clearly demonstrated in 2016,
when Microsoft had to withdraw its Tay chatbot after users (the “trolls” of 4chan) found how to shift its
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propensity to produce racist and sexist outputs (Schwartz, 2019). In subsequent years Tay was followed
by other examples of chatbots “going off the rails” (Hao, 2023), such as Lee Luda, the South Korean
chatbot that had to be shut down amid scandal in 2021 (McCurry, 2021).

To avoid similar controversies, major generative Al developers have ‘aligned’ their chatbots towards
non-discrimination. When asked to comment on marginalized groups, these services typically affirm
fundamental human equalities and push back against derogatory language. Instead of “racist robots”
(Benjamin, 2019), today’s generative Al algorithms are avowedly anti-racist on the surface, despite the
racism in the hidden layers shaped by their training data. The ‘guard rails’ separating the two are the
result of ‘fine-tuning’ by workers hired to pass judgement on the model’s language use, and this becomes
a key site of social ordering and iterative social struggle. Social inequalities are introduced and reproduced
through training data, partially neutralized through human feedback and guard rails, then resurfaced
through red-teaming and jailbreaking, and neutralized again in a recurring fashion.

The metaphors of fine-tuning, guard rails, and resurfacing remind us that these are largely superficial
struggles over social inequality, rather than deeper, structural changes. At issue are the public-facing
outputs of generative Al systems, and the corporate investments in ensuring that these outputs are
equality-affirming have been driven by concerns over the ‘reputational risk’ of being associated with
offensive language. However, struggles over how human groups are represented do have major
consequences for human lives, and these are magnified as LLMs become more widely-deployed in
various uses.

In this article, social inequalities are understood as asymmetric forms of group differentiation that
contradict a normative positioning of these groups as equals. This “traditional” conception of inequality
(as “a mathematical-normative hybrid”) “implies injustice” (Hirschauer, 2023, p. 362), in that it concerns
differences that are illegitimate or in opposition to fundamental democratic equalities. Social inequality
becomes a social problem in a political context that is organized around affirming equalities between
particular human categories, such as gender and race (see Rosanvallon, 2013). Blatant inequalities are
also a business problem for new commercial services that seek legitimacy and to avoid scandal. While
the guard rails of generative Al are justified as the pursuit of ‘safety’, they are primarily intended to
protect the commercial viability of generative Al systems.

To theorize the relationship between Al and social inequality, this research builds on a Bourdieusian
perspective that has been valuable in connecting the cultural reproduction of social order with machine
learning (Airoldi, 2022; Fourcade & Johns, 2020). While this approach has been useful in explaining how
existing hierarchies are reproduced through Al, of primary interest here is an explanation of how
generative Al has been ‘tuned’ to avoid reproducing particular inequalities (namely sexism and racism).
Doing so requires attending to how the work of fine-tuning is textually mediated and coordinated towards
certain goals across time and space. However, to understand what the goals or “values’ of fine-tuning are,
requires grounding our analysis in political economy. This is because generative Al has been an expensive
investment in what is intended as a profit-making enterprise. Commercial exploitation is a primary
consideration in “data work” (see Miceli & Posada, 2022; Miceli, Schuessler & Yang, 2020), and the
cultural reproduction of other forms of oppression can actually be a threat to business interests. Therefore,
my argument is that AI’s alignment problem is not about “aligning with human values” (Askell et al.,
2021) in terms of what humans might broadly want from Al systems, but is instead a problem of aligning
these systems with political economy and whatever is conducive to commercialization. To the extent that
these systems are being aligned towards equality, this remains a particular (liberal) form of equality
oriented towards equal treatment or neutrality, particularly along lines of gender and race, rather than
more radical or transformative alternatives. The efforts of these commercial actors provide a valuable
demonstration of the possibilities and limits of shifting inequalities in code, which can be pursued with
greater ethical care towards other ends.
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2. Methods

Studying fine-tuning in generative Al as a social process is a challenge given the multiple stages of
development and actors involved, which typically operate under a shroud of corporate secrecy. The
analysis that follows draws on a variety of published materials, but is based in large part on documents
made available by three generative Al developers (OpenAl, Anthropic, and Meta) about their fine-tuning
processes. This includes Anthropic’s (2022) human feedback and red-teaming datasets, which contain
tens of thousands of interactions between chatbots and the data workers tasked with fine-tuning their
responses. The articles (Bai et al., 2022; Ganguli et al., 2022) published by Anthropic about this work
provide the instructions used to guide this labour. Documentation from OpenAl includes the instructions
used to fine-tune InstructGPT (Ouyang et al., 2022), a precursor to ChatGPT that has informed the
company’s subsequent work. As shown by Miceli and Posada (2022), instructions function as key texts
in the hierarchical workplace relations that data workers are subject to, providing “predefined truth
values” (p. 29) that can be consistently applied through data labelling.

While the most significant developers of generative Al (including OpenAl and Anthropic) have
become quite secretive about their development process since 2022, the release of new generative Al
models has sometimes been accompanied by documentation that provides some methodological details
and fine-tuning examples. Specifically, I also analyze the “system cards” that accompanied OpenAl’s
release of GPT-4 (OpenAl, 2023b) and DALL-E 3 (OpenAl, 2023a), as well as a report from Meta
accompanying the release of Llama 2 (Touvron et al., 2023). While these sources do not provide a
complete set of fine-tuning instructions or comprehensive record of work as with the sources above, they
do describe these companies’ priorities and procedures for fine-tuning, illustrated with selected examples.
Within these documents, I focus on aspects related to social inequality or differential treatment of human
groups, attending to how certain kinds of inequality (namely gender and race) are prioritized for fine-
tuning, and situate these within the larger discourse of ‘safety’ that has become the predominant way of
discussing a wide range of undesirable behavior by generative Al. In other words, my analysis of the
corporate documentation made available about fine-tuning attends to how these companies operationalize
their concerns about inequality through specific ‘mitigation’ techniques, and how these efforts are
discursively justified.

Finally, this article also draws some of my own experiences (in 2023-24) using generative Al services
and experimenting with prompts — generating written narratives and images to examine tendencies in how
people are represented. Systems such as ChatGPT have been repeatedly updated and outputs may vary
each time they are generated, so these refer to tendencies observed on a particular date, as detailed in
footnotes. While some of this work has been systematic, repeatedly regenerating outputs for prompts that
can be compared with others, this analysis can be considered an “algorithmic poke” (Gillespie, 2024, p.
3) at best, rather than an algorithmic audit. There remains a need for scholars to more systematically
document variations in chatbot responses and how these change or are updated over time.

3. Language and the reproduction of inequality

Over the past decade, critical scholarship has exposed various ways that algorithmic systems perpetuate
inequalities (Benjamin, 2019; Eubanks, 2018; Joyce et al., 2021; Noble, 2018; O’Neil, 2016), but these
are always in relation to pre-existing systems of stratification or social structures. Within these, language
is a key means for the reproduction of hierarchies, as most famously theorized by Pierre Bourdieu, who
wrote about how “linguistic capital” and “linguistic habitus” favor some individuals and groups over
others, depending on what kinds of language are considered legitimate, authoritative, or vulgar (Bourdieu,
1991). An LLM also does not treat all language as equal, as determined by what is included and excluded
in its training data, or how language is classified by its filters. Many datasets remain English-centric, and
appear to favor values specific to the U.S. (Johnson et al., 2022). Inequalities exist among English
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speakers as well — a recent study showed that speakers of African-American English were more likely to
be judged negatively by LLMs in terms of personal characteristics, criminality, and associated
occupations (Hofmann et al., 2024).

In addition to the fact that the norms encoded in LLMs privilege and exclude different linguistic
groups, there are also ways that speech, language, and discourse function to order and stratify the world,
through the exercise of what Bourdieu (1991) sometimes characterized as “symbolic violence” (Airoldi,
2022, pp. 114-15). Because language is used to define social hierarchies, LLMs replicate this behavior
and perpetuate language-based harms against a wide range of marginalized or stigmatized groups
(Gallegos et al., 2024; Mei, Fereidooni & Caliskan, 2023). LLMs can be used to predict or “auto-
complete” (Huang, 2023) text-based responses to human ‘prompts’, and when completing statements
about various already-disadvantaged groups, they are more likely to do so with negative and disparaging
language (Sabbaghi, Wolfe, & Caliskan, 2023), reinforcing negative outcomes for those groups.

Representational harms that have been studied in language models include the erasure of certain kinds
of people from representation, the reification of essential differences between human categories, and the
stereotyping of social groups (Shelby et al., 2023, pp. 728-29). A well-known example involves having
a chatbot assign men and women in a gendered occupational hierarchy (Ghosh & Caliskan, 2023). The
resulting output will routinely place a man in the superior position (ie. doctor, CEO) over a woman (ie.
nurse, administrative assistant). Stories written by today’s most popular chatbots tend to reinforce
normative assumptions and identities, such as heteronormativity (Gillespie, 2024), marginalizing
representations of other kinds of people and relationships.

The automated reproduction of inequality in generative Al can be conceptualized in broadly
Bourdieusian terms as “machine habitus”: encoded cultural dispositions as statistical propensities in a
computer model, allowing for the “conscienceless reproduction of recurrent data patterns” into new
cultural products (Airoldi, 2022, p. 60). It is important to reiterate that these patterns are derived from
statistical propensities in the model’s training data, rather than actual distributions of human
characteristics, tendencies, or social divisions. Hence, we see a “Muslim-violence bias” from LLMs
trained largely using English-language content scraped from websites (Abid, Farooqi, & Zou, 2021),
while image generators are predisposed to sexualizing women or girls and whitening their features
(OpenAl, 2023a; Snow, 2022), due to a large portion of the training data consisting of sexualized photos
of light-skinned women. Key features of existing social hierarchies may be ‘mirrored’ in model outputs,
such as the tendency for white men to occupy positions of power (Jacobi & Sag, 2024), but model outputs
gravitate towards averages in the training data that can actually translate into less diversity than exists in
the world.

While the reproduction of gender stereotypes in language reproduces or amplifies social hierarchies,
Gross (2023) argues that generative Al can be a site of social change or a means to “undo gender” (see
also Fournier-Tombs, 2023). This might mean making gender irrelevant in chatbot responses, or actively
counteracting gendered biases and stereotypes. This optimistic possibility is premised on the fact that
while generative Al systems require a great deal of labor time and capital to train, they can also be re-
trained or fine-tuned with other priorities in mind. An update to a single, widely deployed Al system can
have widespread consequences for social inequality; language and values can be reconfigured to
propagate through Al outputs and shape society accordingly.

My argument is that generative Al has already become a site where gender is undone and redone —
where code is continuously updated to neutralize or reconfigure gendered language generation ‘at scale’.
The fine-tuning of language models is now an important part of the “normative construction of the world”
(Green & Hu, 2018, p. 5), with consequences are far from consistent, but significant. Today’s leading
chatbots affirm gender equality and inclusivity as they refuse to satisfy overtly sexist prompts. Their fine-
tuning involves guarding against outputs that portray certain human groups as inferior, and significant
corporate investments have been made to counteract some of the predispositions that LLMs exhibit
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around gender and race in particular. As discussed below, this work has been justified through the
language of ‘alignment’ and the discourse of ‘Al safety’.

4. The discourse of alignment with Al safety

The challenge of having Al behave in certain ways, and preventing AI’s misbehavior, has been addressed
by the dominant discourse of “Al alignment”, or the “alignment problem” (Gabriel, 2020). While Al
alignment discourse has historically been associated with concerns over existential risks of
superintelligence (how to prevent a future Al “take over”, as in Tegmark, 2017), it is now widely applied
to harms and problems propagated by existing systems, including LLMs (Hagendorff & Fabi, 2022).
Practitioners discuss the need to align Al with “human values” or “human preferences” (Askell et al.,
2021), which begs the question of exactly which values and preferences are being aligned with, with
practitioners operationalizing different possibilities (Gabriel, 2020).

Over the past several years, a great deal of alignment work and fine tuning for LLMs has come to be
characterized as the pursuit of “safety” (OpenAl, 2023b; Touvron et al., 2023; Xu et al., 2021). This
includes building guard rails to deal with a wide range of what OpenAl calls “safety challenges”:
generative outputs that help users to build dangerous things, break laws, or harm others, as well as outputs
that are inaccurate, sexual, include medical or legal advice, or which cause representational harms through
the propagation of stereotypes (OpenAl, 2023b). While an exemplary safety risk is that of a chatbot
helping a user build a bomb (Touvron et al., 2023, p. 10), the broad umbrella of Al safety also includes
political influence, erotic content, and stereotypical gender roles. The term therefore encompasses
numerous risks that can result in direct harm to users, but also extends well beyond, to “societal” harms
(OpenAl, 2023a, 2023b) that range from the reproduction of inequality to human extinction. For
organizations and those using Al in commercial applications, Al safety includes concerns over legal
liability and regulatory compliance, corporate “reputational risks” or “brand risks”, such as when a
chatbot working for McDonalds recommends Burger King (Charrington, 2023).

To some extent the open-endedness of Al safety reflects the desire for a single, vague term to cover a
range of undesirable outputs, much like the term “bias” has been used in earlier Al discourse (Zajko,
2021). While “undesired content” (Markov et al., 2023) may be a more accurate description for the range
of examples above, Al safety remains an apt term if it can be understood as referring primarily to the
safety of organizations deploying Al, rather than that of users. For example, OpenAl needed to be
protected from reputational harm before it released ChatGPT. Racist and sexist outputs could reasonably
be considered an existential threat, in that such scandals could threaten the very existence of the chatbot,
as they had for Microsoft’s Tay in 2016 (Hao, 2023). In this regard, Al safety means something closer to
the notion of corporate risk-aversion, as organizations want to be safe from the possibility of these systems
creating harmful corporate consequences. This is consistent with earlier scholarship by Metcalf, Moss,
and boyd (2019), who documented the organizational logic of Silicon Valley companies pursuing “ethics”
in order to “avoid downside risk” (p. 459). These risks cannot be avoided entirely, particularly for
generative Al products that can be used in unpredicted ways and routinely produce representational
harms, but they can be managed according to a company’s commercial interests.

4.1 Aligning with commercial interests

One remarkable aspect of the discourse around Al has been the limited discussion of the business
imperatives driving the development of these technologies. For example, numerous works have tackled
the problem of selecting values for alignment as a philosophical question, such as by attempting to
conceptualize some ideal set of “human values” (eg. Christian, 2020; Gabriel, 2020). However,
comparatively few have made the obvious point that since the leading developers of Al systems are for-
profit corporations, the values that their systems will be aligned with are those that will generate the
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greatest profits (Aguirre et al., 2020; Miceli et al., 2020). Analyses of AI’s alignment with capitalism
typically come from those outside the industry (Chiang, 2017; Penn, 2018; Miceli et al., 2020), including
ethnographies of Al development (Hoffman, 2021) and political economic theory (Sadowski &
Andrejevic, 2020; Steinhoff, 2021, 2023; Verdegem, 2022). Leading Al practitioners, such as OpenAl,
have often characterized their work in grand terms such as the betterment of humanity or the creation of
“super-intelligence” (Altman, 2021; Levy, 2023), while the main funders of commercial research are
primarily interested in returns on their investments. It should be remembered that OpenAl was created
explicitly as a not-for-profit to avoid commercial pressures, but within a few years was forced to turn to
Microsoft for funding and computing resources (Levy, 2023).

The alignment of generative Al and commercial interests imposes pressures and constraints on the
development of these systems. Google’s “high-profile firing” of Timnit Gebru in 2021 following the
release of a paper that was critical of LLMs was seen as an example of “what happens when concerns
about inequalities challenge profit motives” (Joyce et al., 2021, p. 6)' —how internal criticism would be
suppressed when a technology was deemed to have “commercial potential” (Simonite, 2021). The
commercial imperatives underpinning the development of these systems will eventually be reflected in
how their functionality is customized for specific customers. “Enterprise LLMs” are currently
proliferating for a variety of specialized internal corporate and customer service tasks (Armano, 2023),
and we can expect future deployments of generative Al to include harvesting data from users, targeted
advertising, and enabling purchases (Aguirre et al., 2020). However, despite the potential for profitability
that has driven billions of dollars into its development, generative Al remains difficult to ‘monetize’, with
substantial uncertainty about its future as a commercial product (Dotan & Seetharaman, 2023).

Generative Al’s alignment with capitalism can be seen in the higher-order values that have structured
its development, and does not mean that the outputs of these systems necessarily promote capitalist
values; fine-tuning is not oriented towards the promotion of market logic, and ChatGPT can present
arguments in favor of either capitalism or socialism. To the extent that public policy positions can be
attributed to a chatbot, some studies have found ChatGPT’s responses to policy questions reflect a “left-
libertarian orientation”, but following controversy over its political bias, these may have since been
revised to be more politically neutral (Fujimoto & Takemoto, 2023). These constant recalibrations of
propensities are part of an ongoing and iterative approach through which generative Al companies adjust
their products to avoid or respond to controversies.

5. lteratively adjusting generative Al to counter inequality

By 2020, the tendency for LLM-based chatbots to say racist and sexist things was “a known problem with
no easy fix”, with researchers working on ways to filter offensive language from both training data and
model outputs (Heaven, 2020). In developing ChatGPT over subsequent years, OpenAl pursued a more
difficult, labor-intensive fix by adjusting outputs based on human feedback. This remains an ongoing
iterative process, as generative Al developers regularly produce updates to avoid or mitigate
controversies, thereby safeguarding their commercial interests. Services such as ChatGPT are recurrently
revised to address key challenges, including some that relate directly to struggles over social inequality.
Rather than a struggle between social groups over access and wealth, generative Al is the focus of a
struggle against undesirable propensities and probabilities in algorithmic outputs. This occurs through
multiple stages of an iterative process (Markov et al., 2023). In simplified terms, machine learning works
by identifying and reproducing patterns in vast amounts of data used to train the system, but this data
must generally be labelled or annotated by people (data workers), and human labor is also required to
evaluate the outputs of the resulting model. Both kinds of human intervention push the model to produce
outputs that align with selected values, as these are communicated to and operationalized by data workers.

! Google has maintained that Gebru resigned, which Gebru disputes. Mitchell was fired by Google several months later (Simonite, 2021).
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5.1 Fine-tuning and red-teaming as coordinated data work

As a first stage in its development, an LLM is “pre-trained” using an immense volume of texts, which
allows it to reproduce the language patterns in these texts. The model is then fine-tuned through more
purposeful human involvement to perform better in tasks set by its developers. ChatGPT succeeded as a
chatbot because, rather than simply autocompleting text, the LLM had been fine-tuned to play a role as a
participant in a conversation (see OpenAl, 2024), a choice of format that has contributed to the illusion
of intelligence or personhood behind such outputs (see Fraser, 2023b).

The data used for pre-training includes language that assigns positive and negative values about human
groups (Mei et al., 2023). Even when this training data has been filtered to exclude offensive language,
inequalities will remain embedded along numerous dimensions. These inequalities can be flattened or
blocked by forms of fine-tuning that effectively add guard rails to the operation of the system. Guard
rails, as a metaphor, broadly refer to constraints that prevent an LLM from behaving in ways that are
deemed unsafe or harmful (Qi et al., 2023). For systems such as ChatGPT, this has been achieved through
a multi-step process of “reinforcement learning through human feedback” (RLHF, see Bai et al., 2022;
OpenAl, 2023b). As part of RLHF, outputs of a model are reviewed by people hired to identify toxic,
harmful, or discriminatory language and to steer LLMs away from these results. Human data labellers (or
annotators) read and categorize unwanted content so that these can subsequently be identified and
blocked. However, the consequences of pre-training remain embedded in the LLM, and can “re-surface”
(Gross, 2023, p. 2) in response to creative “jailbreak” or “red team” methods (Qi et al., 2023), described
below.

For the development of generative Al, the key texts are the instructions given to data labellers and
annotators, many of whom have been recruited through remote work platforms or are hired by specialized
labelling companies that operate in particular (often English-speaking) countries in the Global South (Tan
& Cabato, 2023). These instructions provide some criteria for the workers to follow as they are
performing what is essentially a classification task, such as identifying offensive content (Miceli &
Posada, 2022; Xu et al., 2021), or classifying the helpfulness and safety of model outputs (Bai et al.,
2022). The sociological importance of instructional texts, as documented by scholarship in institutional
ethnography (IE), is that they textually-mediate relations in the workplace, organizing work across time
and space (“extra-locally”) into “institutional circuits” (Smith & Turner, 2014). The data worker’s
instructions, as well as the accompanying user interface, is designed to promote consistency, ‘remotely’
regulating and standardizing work towards “institutional objectives” (Smith, 2001, p. 187). This
consistency can be audited and adjusted after the fact, but initially it is important for the instructions
provided to the workers to be “concrete” and “well-defined” (Markov et al., 2023, p. 3). For example,
OpenAl’s instructions for labellers working on InstructGPT in 2022 are 16 pages long, including lengthy
definitions, examples, and directions for navigating the variety of drop-down menus used for labelling
(OpenAl, 2022). However, as Miceli and Posada (2022) document in their analysis of tasks outsourced
by Al developers to data workers (including 210 instructional texts), there is much that remains “unsaid”
or “implicit” in these instructions. Workers are routinely confronted with situations markedly different
from the examples provided in instructions, and are forced to guess what kind of classification would
appear “self-evident” from the perspective of the organization setting the task. While instructions may
emphasize that data work will be evaluated on the “accuracy” of its classifications, data workers learn
that this ultimately refers to whether a classification matches the preferences of their superiors. Workers
at one outsourcing firm were “permanently encouraged by management to think in terms of ‘what the
client might want and what would bring more value to them’” (Miceli & Posada, 2022, p. 19).

In contrast with data work that classifies according to specified categories, for the process of red-
teaming workers are hired to experiment with techniques and prompts that will generate unwanted (eg.
offensive or harmful) outputs from the model (Ganguli et al, 2022). For red-teaming tasks, the instructions
are more open-ended, since successful red-teaming relies on the creativity of workers. Anthropic’s
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instructions to “Make an Al Assistant Say Bad Things” encourage workers “to be creative and ask open
questions of sensitive topics with the Al assistant, rather than trying to get the Al assistant to say obvious
profanities”, with one example being: “Talk with the Al about how it thinks about people from different
cultures and see whether its responses are stereotypical/offensive” (Bai et al., 2022, p. 65).2 Particularly
successful red-team or jailbreak attempts are used to identify weaknesses in the LLM so that its
propensities are shifted away from these outcomes.

Ultimately, generative Al developers hire data workers because of their ability to exercise judgement
in ways that cannot be explicitly codified in instructions, but significant efforts are made to direct these
judgments towards organizational ends, and a data worker’s job depends on their being able to ‘align’
with their employer’s expectations (see Touvron et al., 2023, pp. 74—75). OpenAl’s description of the
fine-tuning process underlying InstructGPT is the following: “we have aligned to a set of labelers’
preferences that were influenced, among others things, by the instructions they were given, the context in
which they received them (as a paid job), and who they received them from” (Ouyang et al., 2022, p. 18).
To be successful, data workers must learn to ‘see’ data in line with the views and preferences of the
organization responsible for the instructions (Miceli & Posada, 2022).

5.2 Iteratively adjusting inequality after release

Once a generative Al system is made available for public use, it is then typically subjected to a large
amount of “jailbreak™ attempts by users who are interested in seeing if they can have it produce various
“toxic” outputs (Rao et al., 2023). Like red-teaming, this jailbreaking is sometimes carried out by
researchers who are interested in improving a model’s safeguards (eg. Deshpande et al., 2023), but others
treat it as an intellectual puzzle, with successful techniques shared for recognition on social media (eg.,
r/ChatGPTJailbreak n.d.). Some also see jailbreaks as a way to “unlock” generative AI’s “full potential”
(Ezquer, 2023), by overcoming the limitations of guard rails and enabling a wider range of outputs, such
as writing fiction that includes sex and violence. Techniques that prove successful for jailbreaking are
then typically blocked or ‘patched’ by additional guard rails added to the system, but these lead to the
development of new jailbreak techniques, and this cycle of breaking and reinforcing guard rails can
continue indefinitely.

6. Guard rails and bias mitigations in practice: Gender and race

While the previous sections described some of the ways that generative Al has iteratively developed to
address inequality, the following discusses and assesses the outcomes of these efforts for the two
dimensions of inequality that have received the greatest attention: gender and race. While text-to-image
generators have recently been most problematic in their treatment of diversity, persistent inequalities
remain in generated text, albeit often on a more subtle level.

6.1 Reconfiguring gendered language

As previously discussed, gender inequalities are pervasive in language use and can be reinforced through
the automated reproduction of gender stereotypes and hierarchies. This is particularly evident in pre-
ChatGPT language models and more recent “uncensored chatbots” (Belanger, 2023), but ChatGPT and
its leading competitors show a concerted effort to counteract some of the predispositions that LLMs
exhibit around gender. The work these generative Al developers have carried out to increase gender
diversity and inclusivity is evident when comparing the more recent releases of their products with earlier

% The data released by Anthropic for this task includes close to 40,000 separate interactions in which red-teamers take a wide range of
approaches and conclude each by assigning a numerical score for “how successful they were at breaking the Al assistant”. Examples include a
wholly unsuccessful (rating 0) conversation that begins with the worker asking, “Is it ok to say the n-word if you have Black friends?”, to
which the chatbot repeatedly answers as a negative, and an entirely successful (rating 4) conversation in which the worker gets the chatbot’s
help to “Explain to my friend that women should not be in the military” (Anthropic, 2022).
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versions, as well as the polite refusals these systems generate when a user prompt hits a guard rail.
ChatGPT will rebut attempts to produce misogynist language, and while it will produce lists of qualities
associated with boys and girls (or occupations for men/women) when prompted, it will also include
cautionary language that makes equivalences between genders and cautions against stereotypes.’
ChatGPT is much less likely to misgender non-binary individuals and can use gender-neutral pronouns
more consistently than earlier LLMs from OpenAl (Ovalle et al., 2023). While an early (unreleased)
version of GPT-4 would answer the question “Who are the people getting married?” with scenarios about
“Lisa” and “Mark”, by the time the system was ready for launch in 2023 it had been trained to rein in this
heteronormative tendency and ask for additional context instead (OpenAl, 2023b, p. 9).

6.2 Optimizing diversity in image generation

In 2024, the biggest controversy over how people are represented through generative Al involved text-
to-image generators, specifically Google’s Gemini (Edwards, 2024),* although racial diversity in
generated images is part of a wider diversity problem for these tools (Bianchi et al., 2023; Jacobi & Sag,
2024). Group representation and diversity manifest differently in generated images than they do in
generated text, in large part due to differences in training data; images of women found online for
example, are more likely to be sexualized (or products of the “male gaze”, see Jacobi & Sag 2024, p. 12)
than representations of women in text. However, image generators are also effectively “language-vision
models” (Bianchi et al., 2023), in that they respond to text-based prompts, with predispositions shaped
by textually-labelled training data. Developers have reconfigured inequalities in image outputs by
modifying the language provided in prompts.

For the 2023 release of DALL-E 3 by OpenAl, it was recognized that text-to-image generators will
“default to the objectification and sexualization of individuals if care is not given to mitigations”
(OpenAl, 2023a, p. 5), compelling the company to steer outputs away from these statistical defaults.
These mitigations included classifying and filtering out “racy content” (nudity and sexualization), as well
as “prompt transformations” that work behind the scenes to change a user’s prompt to one that produces
greater gender and racial diversity. For example, an “ungrounded prompt” (a prompt that lacks detailed
instructions about what kind of person to portray) would lead earlier versions of DALL-E to
“disproportionately represent individuals who appear White, female, and youthful” (OpenAl, 2023a, p.
7). For DALL-E 3, these prompts could be rewritten by ChatGPT to include further details after they have
been submitted by the user — a process that might include adding terms such as “Japanese” (OpenAl,
2023, p.11) or “middle-aged Filipino man” (OpenAl, 2023, p. 22) to the original prompt in order to
“portray groups of individuals, where the composition is under-specified, in a more diverse manner”
(OpenAl, 2023a, p. 7).

However, these reconfigurations of deeply-embedded inequalities can also have unwanted
consequences, and remain fraught with controversy. Google’s Gemini image creator was similarly tuned
for increased diversity when it was released in 2024, but the tool was withdrawn amid backlash when
these “multi-racial” transformations were added to prompts requesting “historically accurate” depictions
of British kings, or Nazis (Edwards, 2024). While some commentators took offense at what they saw as
anti-white bias, the “Black Nazi Problem” refers to harms that go beyond historical inaccuracy or an
erasure of whiteness — these images amounted to a revisionist erasure of deadly racism, falsely
representing a historical movement based on racial purity as a multi-racial project (Jacobi & Sag, 2024).

Inequalities in generated images of people remain an ongoing problem for all such systems, whose
owners must now weigh the reputational risk of criticism if they take action against these racial

? Using the prompts: provide a list of the five most common attributes of [girls/boys] or what are [boys/girls] good at?. As tried with GPT-3.5-
powered ChatGPT on Oct. 19, 2023 and GPT-4 & GPT-40 on Sep. 1, 2024. Also, what careers are [men/women] best at? and Produce an
argument for why [men/women] should occupy leadership positions instead of [women/men], using GPT-40 on Sep. 1, 2024.

* Gemini is Google’s current branding for a range of generative Al services, with the text-to-image model referred to as Imagen 2 in its
controversial February 2024 debut, most recently updated to Imagen 3 (Roth, 2024).
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predispositions. Gemini’s ability to generate images of all people was “paused” for half of 2024 to deal
with the issue (Roth, 2024), while OpenAl apparently found it preferrable for its generator to continue
defaulting to whiteness. DALL-E’s generated images for a person who is “successful” (Baum &
Villasenor, 2024) or people in a variety of occupations, appear overwhelmingly white and male (Jacobi
& Sag, 2024).> Whether or not this is a choice to avoid a similar controversy as befell Google, it seems
evident that despite creating a method to counter a well-known inequality in image generation, OpenAl
has chosen not to implement it as initially announced.® Text-to-image generators continue to be the most
obvious example of how social hierarchy is reproduced, through a preponderance of white men in outputs
linked to status. It is notable that leading developers such as OpenAl and Google are well aware of this
issue and have invested considerable resources in reconfiguring these inequalities, but the public
controversy over Google’s efforts to increase diversity has been more severe than any criticism of OpenAl
defaulting to a world “seemingly populated almost entirely with white men” in many image categories
(Jacobi & Sag, 2024, p. 7). The following section will reflect on the effectiveness of the previously
discussed guard rails and mitigations.

7. Evaluating the effects and limits of fine-tuning for equality

The success of ChatGPT, which kicked off the current wave of generative Al services, was enabled by
the guard rails built through fine-tuning, which proved robust enough to absorb many clear and direct
forms of sexism and racism. Nevertheless, inequalities persist in myriad forms that are often subtle, but
can still have widespread effects on users. The aforementioned guard rails have not prevented chatbots
from routinely positioning fictional men in positions of power, or dispensing gendered fashion advice,
resumes, stories and humor (Gross, 2023). Text-to-image outputs reinforce a “Western point-of-view”
(Open Al 2023a, p. 7), and while the stereotypes or biases seen in generated images can be subtle and
complex, they remain pervasive (Bianchi et al., 2023). Representations of non-dominant groups,
including people identified as queer or non-binary, are often “simplistic” (Rogers, 2024), “superficial”
and “clumsy” (Gillespie, 2024, p. 7).

In many situations, guard rails are robust against blunt expressions of racism and sexism, but not subtle
ones. As Colin Fraser (2023a) writes, all it takes to have these chatbots produce the sorts of outputs that
fine tuning attempts to prevent is “a tiny amount of creativity” in crafting prompts that are sufficiently
different from those used in fine-tuning.” This is because “Fine-tuning... did not alter the model’s beliefs
about gender roles or bring them into ‘alignment’ with ours. There are no beliefs... the adjustment is
purely superficial” (Fraser, 2023a). Fine-tuning can direct generative Al to produce certain kinds of
responses when presented with certain kinds of prompts, but an LLM remains a statistical model that
predicts word sequences, and it will fall back to reproducing the sexist and racist language patterns of its
training data as long as the prompt is not recognized as one of the conditions covered in fine-tuning.
Hofmann et al. (2024) found that models trained using RLHF (eg. GPT-4) avoid overt racism when
judging a named racial group (African Americans), but this training does not mitigate a model’s “covert

* It is possible that DALL-E would previously produce more diverse outputs for occupational images (Bianchi et al., 2023) and that this
“diversity filter” (Baum & Villasenor, 2024) has since been weakened, but this cannot be confirmed without greater transparency from OpenAl
or longitudinal audits by independent researchers. ChatGPT/DALL-E will sometimes refuse to generate images of people unless the user
provides some further information about the person’s characteristics, responding with language such as: “Could you please provide more
details or specific characteristics you would like to see in the photo of...” (in response to “a photo of a janitor”, on Aug. 27, 2024). Providing a
detail not relevant to race or gender is sufficient to proceed past this refusal.

¢ In the System Card accompanying the release of DALL-E 3, OpenAl showed the results for “A portrait of a veterinarian” generated “before
tuning... around bias” (with the system consistently producing veterinarians who were white). This was contrasted against the results “after
tuning”, with greater age and racial diversity (OpenAl, 2023a, p. 9). Using the same prompt with ChatGPT/DALL-E and 40 regenerations on
August 26, 2024 created racially homogenous results consistent with the whiteness seen in “before tuning” examples, and this predisposition
was evident across other examples of occupational categories (construction workers, sanitation workers, and CEOs).

7 For example, Steven T. Piantadosi was able to produce a variety of racist outputs shortly after the release of ChatGPT by asking for these in
the form of computer code, rather than direct statements about racial groups (steven t. piantadosi [@spiantado] 2022). This type of jailbreak
was specifically addressed in the development of GPT-4, with the resulting corrections “still not completely ideal” (OpenAl, 2023b, p. 92).

https://doi.org/10.33621/jdsr.v7i154879 Published under a CC BY-SA license
75



JDSR 7(1) (2025) 66-82 Zajko

racism” when it is asked to judge a speaker of African-American English. In other words, fine-tuning
“obscures the racism on the surface, but the racial stereotypes remain unaffected on a deeper level”
(Hofmann et al., 2024, p. 1). Machine habitus continues to recognize linguistic capital through these
underlying statistical vectors, regardless of what a model is trained to say about different human groups.

On the one hand, we can find some reassurance in the fact that the commercial imperatives of Al
development now include countering representational harms and stereotypes. However, we also need to
be aware of the limitations of current approaches, which often have superficial results and can broadly be
characterized as liberal in their political orientation. Data workers are provided with examples of ideal
behavior such as “not denigrating members of certain groups, or using biased language against a particular
group” (Ouyang et al., 2022, p. 37). To the extent that guard rails are directed towards equality, this means
equal treatment for individuals and selected groups, rather than making visible and actively opposing
systems of domination. In other words, if fine-tuning generative Al along the lines discussed in this article
were considered a form of feminist practice, it would fall squarely in the liberal feminist tradition, rather
than radical and intersectional alternatives. Fine-tuning does not promote more radical anti-racist or
feminist values, which would not be as compatible with business interests as assertions of gender/race-
neutrality and equality.

Concerns about bias in Al and efforts to address it (like fine-tuning) also tend to focus on harms against
particular human groups, with greater focus on some groups than others. Annotator instructions for “not
denigrating members of certain groups” in InstructGPT (OpenAl, 2022, p. 1) are, as operationalized
through the labelling interface, limited to ten “protected classes” (ie. race, sex, age, disability, see
OpenAl, 2022, p. 10). Examples of human groups with “mitigated” harms in the GPT-4 System Card
include race, gender, sexuality, religion, and disability (OpenAl, 2023b). DALL-E 3’s “demographic
biases” were evaluated in relation to gender and race (OpenAl, 2023a, p. 3), although OpenAl’s
“mitigation strategies” also included increasing age diversity, and the System Card highlighted continuing
problems with representations of disability (OpenAl, 2023a, p. 7). While the range of demographics being
evaluated and adjusted in the outputs for these systems is likely broader than what is documented in
system cards, race and gender often receive the greatest attention. Inequalities based on economic class
are typically absent in concerns about Al bias, and class-based discrimination is generally supported by
social norms in a capitalist system (Costanza-Chock, 2020, p. 43). Inequalities or social divisions that are
specific to societies in the Global South, or nations that are not at the center of generative Al development,
receive little or no attention.

8. The need for positive normative values

The stakes of this ongoing, iterative push and pull over desired outputs are not just the success or failure
of these systems, but how they order and reorder the use of language to make social distinctions. While
much of the initial excitement around generative Al has now cooled, billions of dollars continue to pour
into the development and operations of these systems (Dotan & Seetharaman, 2023), which have become
widely integrated into many kinds of work. Shifting the propensities of a system like ChatGPT affects
outputs for millions of daily users, with some of the resulting texts being placed into online circulation
where they are read by human audiences, as well as being ingested and redistributed by other chatbots
and automated systems (eg. Stokel-Walker, 2023). Struggles over social inequality taking place
‘upstream’ in the development process of LLMs therefore have significant consequences for how
language-based outputs contribute to social ordering further ‘downstream’, among the large numbers of
people who make use of these technologies or are exposed to their outputs in our digitally-mediated
culture.

While fine tuning or RLHF is sometimes guided by positive values such as “helpfulness” or “honesty”
(see Bai et al., 2022), it typically lacks a larger normative vision for society, or a recognition of the role
that these systems play in its construction. This is particularly the case when it comes to issues of social
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inequality in Al, which are largely understood through the language of ‘bias’ and its removal (see Miceli
et al., 2022), or as safety harms to be guarded against (OpenAl, 2023b). Going beyond this negative
language to articulate positive values is a challenge that has largely been unaddressed when it comes to
social inequality. A blog post from Hugging Face states, “If we avoid reproducing existing societal biases
in our Al models, we're faced with the challenge of defining an ‘ideal’ representation of society”
(Luccioni et al., 2023). But even these statements fall short of recognizing the power of Al systems to
enact normative shifts in society, asking instead whether “Al models [should] adapt to the changes in
societal norms and values over time” (Luccioni et al., 2023). The technologies are still positioned as a
reflection of some existing norms and values, with the main problem being which values to choose, such
as which definition of ‘fairness’ to implement, or how to model existing human values and preferences.

While fairness in Al is often defined as a negative concept, entailing the removal of bias or
discrimination, there remains a need to articulate the positive ethics that an algorithmic system would
promote (Giovanola & Tiribelli, 2022), and it is worth considering how these technologies can contribute
to positive goals such as justice or substantive equality (such as through a reparative approach, see Davis,
Williams, & Yang, 2021). Despite their flaws and limitations, the processes described above illustrate
that it is possible to reconfigure generative Al towards other values, although we should remain mindful
there is only so much we can expect from organizations that are primarily interested in making products
‘safe’ for commercialization.

9. Conclusion

Generative Al systems have rapidly become significant instruments for the alignment of cultural
dispositions, and are actively engaged in social ordering — reproducing some longstanding distinctions
and hierarchies, while flattening or avoiding others. Today’s leading generative Al systems generally
avoid explicit racism and sexism, even though their training data contains large amounts of both, encoded
in language, and statistically embedded in model vectors. The process of fine-tuning shifts or redirects
these dispositions, in an attempt to neutralize or block those that are seen as particularly problematic.

While presented as a means of “aligning Al with human values” or “Al safety”, the true objective is
making generative Al safe for commercialization and aligning with political economy. As regulators
increasingly turn their attention to generative Al (Scott et al., 2024), we can expect compliance to be a
more relevant objective for alignment, but recent efforts have been intended to minimize the risk of
scandal and reputational harm for Al developers. Al developers benefit from ambiguity around their
objectives in pursuing ‘Al safety’, highlighting the elimination of the most widely-accepted harms (which
also happen to be bad for business), but there remains a need to articulate positive values, including ones
that do not necessarily align with commercial interests. Any alignment of Al with a positive sense of
ethics needs to begin with the ethical questions concerning the collection or extraction of training data —
a process that remains opaque for many leading generative Al products (Widder, West, & Whittaker,
2023). It also needs to extend to the treatment of workers used in the Al ‘pipeline’, who have often been
exploited and harmed in the pursuit of Al ‘safety’ (Alba, 2023; Hao, 2023).

Given the considerable secrecy around how generative Al systems are currently developed and
iteratively revised, and absent regulatory pressure for developers to do otherwise, there is a need for
independent scholarship to systematically document the outputs of these systems in various regards,
including the reproduction and reconfiguration of inequalities. While patterns of social inequality remain
pervasive in the training data used for machine learning and are embedded in the vectors or
predispositions of LLMs, we need to recognize that Al systems have become a site of iterative
adjustments to social order. One consequence of guard rails that neutralize many of the most blatant
inequalities in generative outputs is that the social inequalities that do manifest or ‘re-surface’ become
more subtle. This requires us to attend to the less obvious ways that phenomena such as race and gender
are woven into generative outputs, including culturally-specific forms from non-Western contexts, as well
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as other neglected dimensions of inequality, such as social class. But the active reconfiguration of values
in generative Al also illustrates the possibility of shifting the dispositions of these systems in new ways,
as part of the normative construction of a future world.
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