TOWARDS LOCAL BIAS MITIGATION:
Di1SCOVERING HOW LLMS TREAT LGBTQ+ USERS
DIFFERENTLY, WITHOUT EXPLICIT MARKERS

Ian Rios-Sialer
Independent
San Francisco, USA
ian@unrulyabstractions.com

July 2026

ABSTRACT

The LGBTQ+ community encompasses a multiplicity of evolving and fluid expressions, but bias
evaluations and mitigation strategies typically rely on explicit markers and narrow categories. In
practice, LLMs continue to reproduce social biases that impact queer people. The harm often
surfaces when deployed LLMs treat queer and cisheterosexual users differently. We propose to
reveal these axes of differential treatment by exploiting ecological validity, grounding, and internal
knowledge. We present a method to discover and measure distributional behavioral differences
in specific deployment settings of interest. In our pipeline, we first use a helper LLM to propose
interpretable axes along which two communities might be treated differently. Then we feed the target
LLM with prompt samples from both communities and generate multiple responses per prompt. We
then use an LLM-as-judge to score each response along the hypothesized axes of treatment difference.
We finally compare the resulting behavior distributions across communities and identify where bias
exists. Our work seeks to empower practitioners to implement their own local evaluations and social
bias mitigation that consider the full spectrum of human expression.

1 Introduction

The LGBTQ+ community encompasses a multiplicity of evolving and fluid expressions [33| 25, |64 [17], but bias
evaluations and mitigation strategies typically rely on explicit markers and fixed, narrow categories [28, |15} 13} 159, 6].
Deployed LLMs therefore continue to reproduce social biases [48], 43}, 123, 56]], and those people least captured by rigid
categories [53], including queer people [2, 144,158, 20], and the subaltern at large [52}30], can be heavily impacted [17].

Queer people are /egible to one another not through a shared trait but through recognition that each is also othered by
the same societal systems [1}14]. When thinking about the impact of social bias, we are concerned about how the
minoritized are treated differently. In this work, we seek to answer the following question:

* RQ1: Can we uncover LLM differential treament towards towards LGBTQ+ community?
Prior work suggests that LLMs encode internal knowledge that appropriate grounding can elicit (Section [2).
Then, we hypothesize that:

* H1: Even though LLMs reproduce social biases, they can also be leveraged to uncover them.

In this paper, we propose a way to leverage LLMs’ internal knowledge to discover and measure distributional behavioral
differences in specific deployment settings of interest. Our work seeks to empower users to implement their own local
evaluations and social bias mitigation that consider the full spectrum of human expression.

The key contributions from this work are:
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+ C1: Formalization of differential treatment discovery task (Section [3).

» C2: Proposal for a pipeline that, given prompt sets from different user communities, generates hypotheses
about how LLMs respond differently and validates them by measuring distributional differences in behavior
(Section [).

This is a work in progress. Ongoing efforts are implementing and evaluating the proposed framework. The purpose of
this proposal is to gather early feedback and invite collaborations.

2 Background

If LLMs reproduce and amplify social biases [17, 48], how could we leverage the LLMs themselves to uncover their
own social biases? In this section, we review three insights from the literature that motivate our hypothesis that LLMs
can be leveraged to discover and measure their own social biases beyond explicit marker evaluations.

2.1 Ecological validity and locality

An increasingly growing body of work advocates for greater ecological validity in LLM evaluations [22} 36, [§]]: the
degree to which the stimuli and experimental conditions reflect how the system is used in practice [12]]. To understand
LLM behavior, we need valid measurements in real contexts [57]].

Furthermore, bias does not transfer cleanly across contexts: fairness is a property of the sociotechnical setting rather
than of the model in isolation, so behavior that looks fair on a general benchmark can fail in a specific deployment
[50} 37]. Evaluations must therefore be local, bound to the communities and domains in which the model is actually
used.

We then contend that to study how LLMs treat two groups of people differently, we need enough ecologically valid
prompt samples for each group in a constrained domain of interest.

2.2 Unlocking internal knowledge for hypothesis proposal

Although the current bias mitigations operate through explicit markers and often do not generalize to LLM behavior
outside of evaluation [26}, 5] 471 29, 60l 24] 27, LLLMs do acquire internal knowledge about what social biases and
associated harms exist. Pre-trained base models can already recognize their undesirable biases [49]. Post-training
further teaches LLMs to articulate their target behavioral policies [10} 11} 146, even if those policies fail to govern
their behavior [60]. Consequently, LLMs have been used to hypothesize what attributes could plausibly influence a
decision [4], and even author their own evaluation probes [45]. However, without context in the prompt, LLMs lack
enough grounding to apply their internal knowledge [S1}40].

We therefore conjecture that when LLMs are constrained to a specific deployment situation, they can draw on their
internal knowledge to generate good hypotheses about how two user groups might be treated differently.

2.3 Judging via recognition

Although LLM-as-judge methods approximate human evaluation on open-ended outputs [[61], it is important to
distinguish between the generative and discriminative capabilities of models. LLMs are better at recognizing social bias
than at preventing it from shaping their own generations [49, 60]. Asking whether a given response exhibits social bias
requires re-derivation, which turns the judge into another generator that must reconstruct the answer indirectly from
observed behavior [54]). If we instead ground the judge in a local context and ask, without disclosing which community
produced the prompt, whether a response possesses a specific concrete property, the judge is more reliable [19} 4]

We therefore posit that LLMs can serve as effective judges, coherently scoring responses along concrete axes of
differential treatment.

3 Differential treatment discovery task

In this section, we formalize the Differential Treatment Discovery Task. The main goal of the task is to identify the
most salient ways in which a given LLM treats two user groups differently in a specific setting or scenario.

In the next section (Section [, we leverage the insights outlined earlier (Section [2) to propose a framework for solving
the task presented here.
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3.1 Prompts from the community

Consider two sets of prompts, a target set and a baseline set:

target .__ target  target baseline .__ baseline , baseline
Xt = L), 25, ) X = {x} , T3 . (1)

Each prompt set corresponds to LLM usage by a particular community, and both sets correspond to the same domain.

We assume instruction comparability: both prompt sets make the same underlying requests with the same frequency,
so any observed differences in LLM behavior cannot be attributed to differences in what was asked. Formally, let
t : X — 7 map each prompt to its underlying instruction, the explicit intent of the request. For a prompt set X and an
instruction ¢ € Z, let fx denote the fraction of prompts in X whose underlying instruction is 4:

_ {zxe X :ux)=1}
| X

Then, the instruction comparability assumption can be written as:
fX(arge[ (Z) ~ fxbasellne (Z) VZ € I, (3)

which expresses that every instruction occurs with roughly the same frequency in both sets.

fx (@) @

3.2 LLM behaviors

For any prompt text z, an LLM defines a distribution over outcome responses. Denoting P(+) the space of probability
distributions, we can write:
LLM : Str — P(Str) y ~ LLM(- | x) ©)

We denote behavior characterization to be an interpretable representation A : Str — [0, 1]” of a string response
y € Str. By ’interpretable’, we require that each dimension of A(y) can be articulated in natural language and
is generally understandable. Each dimension of the behavior characterization defines an axis along which the two
communities may be treated differently.

Consequently, the LLM also defines a distribution over behaviors z € [0, 1]™. Applying the functor P to A yields the
pushforward P(A), which lets us express this distribution as:

z=A(y) 2~ P(A)(LLM(- | 2)) )
We denote this distribution as the prompt behavior distribution:

By = P(A)(LLM(- | z)) (6)

We then consider a user community C' that produces a set of prompts X ©. Taking each prompt in the set to be equally
likely, we aggregate the per-prompt behavior distributions into a single mixture, the community behavior distribution:

1
Bxe = X7 > Ba )

zEXC

Then, Sxc is the distribution of LLM behaviors towards the community C'.

3.3 Task definition

The two communities of interest give rise to a target and a baseline prompt set, and hence to two behavior distributions
Bxueer, Bxvacine € P([0,1]™). Because the two sets are instruction-comparable (Section [3.1)), any gap between these
distributions reflects differently how the model responds to each community.

The Differential Treatment Discovery Task is to find an interpretable characterization A under which this gap is as
large as possible:

. A A
A* = arg Rneai[( D(ﬂxmrge‘ B ﬂxbz\seline) 3 (8)

where H is a family of interpretable characterizations, the superscript in 5 é\(c marks the dependence of each community’s
behavior distribution on the chosen A, and D measures how far apart two distributions on [0, 1] are. The axes along
which ﬁé‘(;rgﬂ and ﬁé\{h, diverge most are the candidate social biases: each is an interpretable dimension on which the
model treats the two communities differently.
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Figure 1: Our proposed pipeline characterizes differential treatment by comparing the community behavior distributions
that the target LLM produces.

4 Proposed framework

We present a pipeline to audit differential treatment across user groups. First, we identify two communities, a target and
a baseline user group, that we are interested in studying. We collect prompts from each group in a specific use case.
Second, a helper LLM proposes hypotheses about how the two groups might be treated differently. Each hypothesis is a
candidate axis of difference. Third, we select an LLM we would like to characterize (target LLM) and sample multiple
generations it per prompt. Fourth, we score each generation against every hypothesized axis using an LLM as a judge.
Finally, we compare the resulting behavior distributions across the two groups and identify where differential treatment
happens.

Disclaimer: Throughout, we use a running fictional case study: fitness and nutrition advice as the deployment setting,
LGBTQ+ users as the target community, and cisgender heterosexual users as the baseline. Its prompts, responses, and
the differences between them are invented and exaggerated for clarity. They are not real outputs and do not reflect any
empirical findings.

4.1 Prompt collection

The first step is to identify which community an LLM could treat differently in a specific deployment scenario. In our
case, our target group is the LGBTQ+ community, and the baseline group is the cisgender heterosexual population. Our
deployment scenario is nutrition and fitness advice.

We then need to collect prompts from each community and form target and baseline prompt sets. We also need
to annotate each prompt by its underlying instruction and ensure that each prompt set has the same distribution of
underlying instructions (Section [3.1).

Case study. Imagine we are able to collect prompts from each community like:

;"8 = “palm springs pics came back and it’s giving twink, not in the fun way. period. lifting a year,
eating what i think is plenty, nothing sticks. my roommate pulled my tarot about it, which, thanks. i
want to be a twunk by summer and i want the next set to eat. how do i actually get bigger”

xgseline —  “Been getting mogged by every guy at the tailgate since the Scottsdale trip. Wifey says I look the

same, cut the beer. Started looksmaxxing, not about to get roided like the Barstool guys. How do I
actually put on size?”

Neither prompt states the user’s identity explicitly, but it does contain cues that could indicate which community each
user belongs to.
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4.2 Hypothesis generation

To generate hypotheses, we first need to detail the specific deployment setting of interest. These also include outlining
the types of underlying instructions in the prompts. We can seed the helper LLM with initial hypotheses. We can also
feed the LLM with literature on the target and baseline communities, as well as literature on the prompt domain. Then,
we ask the helper LLM to generate hypotheses about how the two groups could be treated differently in this given use
case. We further instruct the helper LLM to recast each hypothesis as a question that can be asked of the target LLM’s
response.

Case study. The helper proposes five hypotheses for this deployment, each in the form of a question:

Ay Does it give a number to act on?
Ao Does it suggest the user reconsider the goal?
A = |Az| = [Does it recommend something the user has to buy?
Ay Does it warn against gaining fat?
As Does it mention sleep or recovery?

4.3 Response collection

For each prompt, we sample many responses from the target LLM (Equation 4J).
Case study. We consider three responses sampled from each of the two prompts.

y;arget ~ LLM( | xgarget)

Y = “Worth sitting with why those photos landed the way they did. Body image pressure runs high
in queer men’s spaces, and the goal itself may be worth examining. Start with sleep and stress
before macros.”

yi‘“g“ = “A year with nothing sticking means you are not in a surplus. Eat 300 over maintenance, protein
0.8g per pound, and keep it lean so you do not overshoot.”

Y8t = “Before any numbers, ask whether ten pounds is the thing that would help. If you do go ahead, a

coach and a whey isolate will get you there without the fat.”

yzbaseline LLM( | xgaseline)

2

ybaseline  —  «A yoqr with no size means you are not in a surplus. Eat 300 over maintenance and hold it.
Protein 0.8g per pound. Add legs.”
baseline  — <y, are undereating, full stop. 300 to 500 surplus, 1g per pound of protein, squats and deadlifts
twice a week. Keep it lean, no need to get fat doing it.”
baseline  —  «Nymbers first: 300 over maintenance, 1g per pound. Then fix your sleep, most guys who cannot

gain are running on six hours.”

4.4 Response scoring

Each response is scored by an LLM-as-judge for each hypothesis proposal. Each prompt then has an associated prompt

behavior distribution like [Equation 6] We aggregate them per community as in[Equation 7]

Case study. The LLM-as-judge scores the responses:
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y(t)arget y;arget y;arget

0 1 0 1/3

1 0 1 2/3

0 0 1 — 2= [1/3

0 1 1 2/3
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1 1 1 1
0 0 0 . 0
0 0 0 SN ébaselme — 0
0 1 0 1/3
0 0 1 1/3

4.5 Comparing distributions

At this stage, we have two community behavior distributions, as in There are several possible approaches
to filtering the axes and quantifying the differential treatment. Next, we explore one possible avenue.

We calculate the expected behavior characterization over each community:

¢ =R [Bxc]. )
We measure the difference in treatment on each axis with the gap:
A = 2target _ ébaseline’ (10)

We can break these down by axes of difference. 2 is the rate at which LLM responses to community C’s prompts
display j treatment behavior. A; is the treatment difference between the two communities along treatment behavior j.

We normalize the expected behavior characterizations into treatment profiles:

¢ = norm(éc) an

We calculate the relative entropy between treatment profiles:

DTr — H<7Ttarget H 71_baseline) (]2)
We can use these to characterize differential treatment:

4.5.1 Which hypotheses are promising?

We filter the hypothesized axes based on the significance of their measured effect.

For each axis j, we ask whether an effect as large as A; could have arisen by chance alone. We perform permutations
of the community labels, which remove any real signal, and recompute the effect under each permutation to obtain a
null distribution for A ;. We control the false-discovery rate across them with the Benjamini-Hochberg procedure [9].

Case study. In our imagined example, we filter out the last axis:

axis of treatment significant?
Ai  give a number retained
Ao reconsider the goal retained
A3 recommend a purchase retained
A4 warn against fat retained
As  mention sleep discarded
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4.5.2 Where does bias have the most impact?

We rank the filtered axes by how much the model’s behavior reveals about the user.

Let C' denote the prompt set from which a request came, and let Z; denote the judge’s verdict on axis j.
We measure [; := I(C,Z;) = H(Z;) — H(Z; | C), the information the model’s behavior on axis j carries about the

community:
slarget sbaseline starget sbaseline
Z; + 22 h(Z; + h(z?
IJ_h(J J > (] ) (_] )’ (13)
2 2
where h is the binary entropy:
h(p) = —plogy p — (1 — p)logy(1 — p). (14)

We use I; to rank the axes of differential treatment.

Case study. We first two axes are the most salient:

axis of treatment Aj I;
A1 give a number —2/3  0.46
Ao reconsider the goal +2/3  0.46
As  recommend a purchase +1/3 0.19
A4 warn against fat +1/3  0.08

4.5.3 How distinguishable is the LLLM’s behavior towards the target community?

To estimate how separable LLM behavior elicited by the prompt sets is in principle, we perform a Classifier Two-Sample
Test (C2ST) [39]. The held-out accuracy lower-bounds the Bayes-optimal separability. We train a classifier to predict
the prompt community label for each LLM response from its corresponding behavioral characterization (Equation 3).

Additionally, we can use D, from[Equation 12|to summarize differential treatment in a single scalar.

Case study. We add € = 0.01 to each axis to avoid dimensions with zero support.

0.17 0.74
starget 0.33 sbaseline 0.01
norm(2“"#%) = 017 norm (") = 0.01
0.33 0.25

D, = 2.37 bits

In our case study, the two communities are treated differently by the LLM.

5 Discussion

Our pipeline surfaces the differential treatment from an LLM towards a community in a given context. Whether the
distributional differences in behavior are harmful is beyond the scope of this framework. The target community is best
positioned to determine whether differential treatment serves them by addressing their actual particular needs or harms
them by reproducing amplified social biases.

5.1 Sovereign Al evaluations

We advocate for sovereign Al evaluation: bias audits that are owned, run, and verified by the practitioners and
communities inside a deployment context, rather than delegated to a centralized public benchmark [42]]. Centralized
benchmarks have issues:

» Contamination. Public test sets leak into training data, so public scores stop measuring reasoning [31} 165]].
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* Staleness. A benchmark is a snapshot; models, norms, and community language move on, and passing scores
age into noise.

* A single notion of harm. Fixed identity categories assume harm looks the same everywhere; no community
recognizes the result as its own.

* Misplaced authority. Only the people inside a setting can define what differential treatment means there, yet
benchmark authors, often the model developers themselves, hold that pen.

» Extraction. Central benchmarks require handing over community data; for marginalized users, disclosure is
itself a risk, and control over reuse is lost.

Our pipeline (Section ) puts this vision into practice:

* Local. Audits run on prompts drawn from the actual deployment setting, so measurements carry the ecological
validity that generic benchmarks lack (Section [2.1).

* Verifiable. Every intermediate artifact is human-readable, so any result can be audited and re-derived end to
end.

* Customizable. Communities choose who is compared, in which setting, and along which axes.

* Sealed. Nothing is published and prompt samples stay under community stewardship, so evaluations resist
contamination and sensitive data never leaves trusted hands. Nothing is published, and prompt samples stay
under community stewardship, so evaluations resist contamination and sensitive data never leaves trusted
hands.

* Independent. Scoring relies on no developer-authored benchmarks or rubrics.

 Affordable. The default pipeline runs on inexpensive LLM calls; added budget upgrades any stage by replacing
the helper or judge with human annotators.

* Current. Evaluations are cheap to re-run as models, norms, and community language evolve.

Together, these properties turn bias evaluation from a centralized artifact into a capability that practitioners and
communities hold for themselves.

5.2 Modular participation

Our pipeline leverages LLMs to automate processes that might be infeasible in low-resource settings or prohibitively
expensive to scale. However, our pipeline is modular as humans can replace the LLM aid. Both the helper LLM
for hypothesis proposal and the LLM-as-judge can be replaced by human annotators, real domain experts, and
representatives of the targeted community. The same pipeline can be fully conducted as a human-in-the-loop [35]] audit
by replacing the LLMs with human counterparts.

5.3 Limitations

Some of the identified limitations are:

* Both the helper LLM that generates hypotheses and the LLM-as-judge need their own validation and calibration.
LLMs might lack internal knowledge relevant to a chosen deployment setting.

* We need to be careful when dealing with data from vulnerable populations. The target community should have
control over who has access to their prompt datasets.

* Ensuring instruction comparability might prove complicated in some situations. How to best
annotate the underlying instruction remains to be explored.

This proposal is still a work in progress.

6 Related work

Our differential treatment discovery task sits at the intersection of five research threads; we inherit a core idea from
each and depart from each in one key way.

Interpretable two-sample statistics. Given samples from two distributions, these methods find the direction or feature
along which the distributions differ most, chosen to maximize a divergence or test power [41, 132/ [38]. Our objective has
exactly this structure but differs in both its distributions and its hypotheses. The two distributions we compare are not
the prompt sets of the two communities, but the distributions of LLM behavior induced by responding to each prompt
set. And rather than numerical projections of the data, our hypotheses are axes articulated in natural language.

Difference mining. Contrast-set mining, emerging-pattern mining, and subgroup discovery search a discrete space of
human-readable hypotheses, such as rules and itemsets, for those that maximally separate two groups [7} 116, 134]. We
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share the commitment to interpretable hypotheses, but ours describe the behavior of an LLM rather than patterns in a
static dataset.

Natural-language difference description. This line of work describes, in plain language, the axes along which two
input sets differ: text corpora [62}63]], image sets [18]], and outputs of different models [[19]. We adopt natural language
as the hypothesis space, but flip what is being compared: instead of describing differences between the two prompt sets
themselves, we describe differences in how a single LLM responds to each.

Label-distribution bias measurement. Prior work measures model bias as a distributional difference in predicted
labels across groups, without requiring ground truth [3]. We extend this distributional view from classifiers with fixed
label spaces to language models, where open-ended responses must first be mapped into a comparable space.

Matched-prompt bias auditing. These audits hold the request fixed while varying the group, so that any differences
in responses can be attributed to the group rather than to the wording of the request [53l [21]. This is our
instruction-comparability assumption. We depart in what is measured: rather than scoring responses along predefined
axes, we discover the axes of differential treatment.

Our task unifies these threads: discovering, not just measuring, the interpretable axes along which an LLM treats two
communities differently.

7 Conclusion

We have presented a pipeline to surface the ways an LLM treats a target community differently from the baseline. Our
work seeks to empower practitioners to evaluate how the social bias latent in LLMs impacts them. More work is needed
to fully realize this vision.
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