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Abstract

Large language models (LLMs) increasingly mediate consequential

decisions through content moderation, screening, ranking, and

risk scoring, yet independent evaluation of their harms remains

structurally constrained. Systems are often only accessible via paid,

rate-limited APIs; outputs are stochastic and prompt-sensitive; and

model versions change without notice. What can be concluded

about bias or harm is therefore not only a methodological question

but a resource- and access-dependent one: independent auditors

face high query costs and limited observability, while their findings

are easily dismissed.

We argue that constrained evaluation is fundamentally an HCI

problem of evidence production, involving choices about what to

test, how to manage costs, how to communicate uncertainty, and

how to turn partial observations into defensible claims across di-

verse auditor communities — from ML researchers to journalists

and civil society practitioners. To address this, we present Bounded

Active Fairness Auditing (BAFA), a query-efficientmethod that treats

fairness evaluation as uncertainty estimation under strict budgets,

reaching valid estimates with hundreds rather than thousands of

black-box queries across two case studies. Building on BAFA and a

review of structural constraints facing independent auditors, we

derive ten design requirements for auditor-facing tools, covering

budget transparency, metric selection guidance, live uncertainty dis-

play, defensible stopping, and collaboration support. We argue that

developing semi-professional auditing interfaces that combine sta-

tistical rigour with accessibility is an important and underexplored

direction for the HCI community.

CCS Concepts

•Human-centered computing→ Empirical studies in HCI;

• Computing methodologies → Machine learning; Natural

language processing.
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1 Introduction

LLMs are now used not only for generating content but also in

decision-making contexts such as content moderation, screening,

ranking, and risk scoring. In these settings, concerns about bias and

harm translate into material consequences for users and affected

groups. Evaluation therefore becomes a central transparency and ac-

countability question: what can be demonstrated about a deployed

system, who is able to generate such evidence, and under what

standards of proof it is recognised as valid. Because provider-led

audits and internal evaluations are shaped by developers’ priori-

ties, incentives, and access conditions, independent evaluation is

necessary to uncover harms that may remain invisible if evaluated

by first parties [5, 24, 26, 33].

However, independent evaluation of LLM-based products is

structurally constrained. Many systems are accessible only through

paid APIs with strict rate limits and limited accessibility and ob-

servability of system components [9, 31, 32]. Outputs are stochastic,

prompt- and context-sensitive, and can change with different ver-

sions, making it hard to reproduce results or trace causes [11, 18, 37].

Scientifically valid evaluation needs repeated testing with different

prompts, baselines, seeds, and contexts [4, 19, 23, 30] and, thus,

what can be concluded from an evaluation depends on resources

like query budgets, computing power, tools, and system access

[1, 3, 38]. Meanwhile, companies often have more such resources or

even control them, whereas external auditors struggle with limited

access and high costs [20, 25, 33]. As a result, there is an imbalance

in evidence: independent findings are harder to produce and more

likely to be dismissed as “scientifically invalid,” even when they

reveal real harms.

We argue that this is fundamentally an HCI problem: evaluation

is not only a statistical exercise but a socio-technical practice of

evidence production, interpretation, and justification under con-

straints. It involves choosing what to test, managing costs and risks,

who to involve in the evaluation process, reverse-engineering with

limited access, and clearly communicating uncertainty to support

decision-making and actions. Prior HCI research shows that users,

including marginalised groups, already engage in ad hoc testing and

collective sensemaking to surface harmful algorithmic behavior

[35], yet these practices remain time-intensive and weakly sup-

ported by tools [17]. While recent systems such as “WeAudit” begin

to scaffold end-user auditing and translate findings into action-

able insights [15], audit-tooling research indicates that the broader

ecosystem still falls short of enabling accountability in practice

[27]. We therefore argue that HCI should develop interfaces and

strategies for constrained evaluation that lower query costs, visu-

alise uncertainty, and help auditors turn partial and probabilistic

evidence into defensible claims.
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Figure 1: BAFA treats independent auditing as uncertainty estimation over a target metric under a strict query budget. In each

round, BAFA (i) issues a small batch of black-box queries, (ii) computes a certificate interval [𝜇min, 𝜇max] for the fairness metric

via constrained optimisation over a surrogate model family, and (iii) selects the next batch of queries to maximally shrink the

interval (and thus the auditor’s uncertainty).

Motivated by this gap, we present BAFA, a bounded active fair-

ness auditing method that estimates group disparities with query

efficiency. BAFA operationalises auditing as estimating uncertainty

over a target metric and keeps a set of possible hypotheses that

fit the observed outputs, calculating an interval for the fairness

measure using constrained optimisation. Active query selection

then targets areas that will most reduce this interval. The interval’s

width shows how much the fairness estimate could still change

given the evidence so far, and it serves as an uncertainty signal

for auditors to act on. We demonstrate work-in-progress empirical

findings in two case studies in which BAFA needs up to 40x fewer

queries than baselines and offer suggestions for uncertainty-aware

interfaces using our method. Our contributions are: (1) introducing

BAFA as an evaluation method for situations with limited access,

(2) framing auditing as a process constrained by resources and ac-

cess, and (3) offering an uncertainty-aware view of LLM evaluation

that suggests new HCI directions for auditing tools, interfaces, and

workflows.

2 Query-Efficient Auditing Tool:

Bounded Active Fairness Auditing (BAFA)

2.1 Query-Efficient Auditing

Consider an independent auditor—a civil society group, journalist,

or academic—who wants to evaluate whether a deployed (or API-

provided) LLM system is unfair. The auditor typically has: a dataset

that approximates a real-world input distribution (such as toxic

comments or short biographies), including ground-truth labels and

protected-group attributes for evaluation; black-box access to the

system under audit that returns a score per input (such as toxicity

probability or a confidence score); and query limits on how many

inputs can be sent to the system as each query costs resources and

has to be paid.

In many real-world evaluations, evaluation is constrained as

each API call costs money, is rate-limited, may be logged, and can

create privacy and safety risks when auditors must submit sensitive

or stigmatising inputs [10]. In this setting, “better evaluation” is

not primarily about achieving a slightly higher score on a bench-

mark, but it is about producing credible (quantitative) evidence

about a system property (e.g., a group disparity when it comes to

performance or outcome) with as few black-box queries as possible.

The practical challenge is that fairness metrics (especially distribu-

tional, threshold-invariant ones) can require thousands of samples

for stable estimates under naive sampling [36].

We use query-efficient auditing to mean that given a target quan-

tity (such as aforementioned performance disparity) and a query

budget 𝑇 , design an interactive audit procedure that converges

faster to a desired margin of error 𝜖 and provides usable uncer-

tainty information during the audit so that auditors can decide

when the current evidence is sufficient to act. This differs from

red teaming and failure discovery, which aim to find severe coun-

terexamples but do not estimate the prevalence or magnitude of a

population-level metric [20].

2.2 BAFAWorkflow in Two Steps

BAFA operationalises constrained auditing as a sequential loop of

producing evidence under uncertainty, designed for settings where

auditors have limited access, limited budgets, and only API access.

Figure 1 summarises the workflow:

S1 Build an uncertainty-aware estimate BAFA quantifies

uncertainty about a model’s group fairness by maintaining

a set of surrogate hypotheses that remain compatible with

the black-box scores observed so far. Concretely, we use

a lightweight text model as a surrogate (a non-fine-tuned

bert-base-uncased; [16]) and solve a constrained optimi-

sation problem with Cooper [21]. In each audit round, we

fit two extremal surrogate solutions that both agree with the

black box on the queried examples (up to a small tolerance),

but push the target fairness metric in opposite directions.

These two feasible solutions define an interval of plausible

fairness values given the currently available evidence. We

treat the resulting interval width as an operational notion

of uncertainty: wide intervals indicate that the observed

queries still leave substantial ambiguity about the fairness
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(a) Active auditing methods perform more query-efficient and stable

over 20 Civil Comments seeds. BAFA methods (solid) converge sig-

nificantly faster than baseline sampling strategies (dotted). Shaded

areas indicate 95% confidence intervals across seeds and demonstrate

that BAFA methods show substantially reduced variance compared

to baseline methods.
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(b) Active auditing methods perform well even with large parameter

spaces with GPT-4.1-mini as black-box. Similarly, to Fig. a), BAFA

methods converge significantly faster than baseline sampling strate-

gies and show substantially reduced variance compared to baseline

methods. However, a much bigger variance and worse performance

are visible for the first 100-120 queries, probably related to the model

mismatch.

gap, while narrow intervals indicate that the metric is in-

creasingly determined by the collected evidence. Because

our fairness target is ranking-based, we optimise a standard

differentiable ranking objective during the constrained opti-

misation step.

S2 Select most informative queries To reduce query costs,

BAFA actively selects new inputs that are expected to shrink

the current uncertainty interval as quickly as possible. Rather

than sampling broadly and hoping to eventually converge,

BAFA uses the two extremal surrogate solutions from S1 to

identify fairness-critical regions of the audit pool: candidate

inputs where the current upper- and lower-bound solutions

disagree most are precisely those points for which the exist-

ing evidence is least informative about the target metric. We

therefore score a candidate pool using a disagreement-based

criterion and query the top-𝑘 most informative inputs per

round. This design avoids assumptions that would require or-

acle access or highly accurate surrogates for selection (which

is typically unrealistic for LLM APIs in high-dimensional

text settings). The loop repeats until the query budget is

exhausted or the uncertainty interval is sufficiently tight to

support an actionable estimate.

This structure is intentionally tool-friendly: each step corre-

sponds to an interaction that an auditor-facing system can sup-

port (metric selection, dataset management, budget controls, visual

progress reporting, and query issuance).

2.3 Preliminary Results: Query Savings and

Stability in two case studies

In both case studies, BAFA significantly lowers the number of black-

box queries needed. It achieves the target estimation accuracy with

fewer queries than passive sampling methods. For example, as

shown in Table 1, at a strict threshold, with a threshold of 𝜀 = 0.02

absolute error in ΔAUC, BAFA (disagreement) needs 144 queries

for CivilComments and 340 for Bias-in-Bios, compared to 5,956

and 1,748 queries for stratified sampling, respectively. This results

in reductions of about 40 times and 5 times, respectively. In addition

to faster convergence, BAFA also achieves lower error over time

(AUEC) and greater stability across different random seeds at fixed

budgets. This is important when audits need to be repeated or

justified as reproducible.

Case Study A: Hate Speech Detection (CivilComments). This case

study audits group-based performance disparities in a hate speech

detection system, using the CivilComments dataset of annotated

user comments, with a controlled black-box model (fine-tuned Hate-

BERT) that has a known ground-truth disparity of ΔAUC ≈ 0.14

injected via group-conditional label flipping. BAFA meets the strict

target of 𝜀 = 0.02 in only 144 queries on average, compared to 5,956

queries for stratified sampling, which is about a 41 times reduction.

These improvements are consistent across all three evaluation cri-

teria. BAFA achieves the lowest 1,000 queries (0.019 compared to

0.066 for stratified), and at a mid-budget of 250 queries, it provides

the most accurate and stable estimate (0.020 ± 0.012), with much

lower variance than all baselines. This shows that using active,

uncertainty-driven query selection can greatly reduce audit costs,

even for a severe andd well-defined fairness violation.

Case Study B: CV Scoring (Bias-in-Bios). This case study exam-

ines gender disparities in automated occupation inference, using

GPT-4.1-mini as a large commercial black-box. This is a qualitatively

different, much larger system than the BERT surrogate used inter-

nally by BAFA, with a much smaller natural disparity (ΔAUC ≈ 0.02

to 0.045). Even in this more challenging setting, BAFA reaches
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Case Study 𝜺
BAFA

(disagreement)

Power

(baseline)

Stratified

(baseline)

Queries to 𝜀 ↓

CivilComments

0.02 144 8,548 5,956

0.05 80 932 452

Bias-in-Bios

0.02 340 5,396 1,748

0.05 148 356 212

AUEC (first 1k queries) ↓
CivilComments 0.019 0.093 0.066

Bias-in-Bios 0.025 0.045 0.042

Error at 250 queries (mean ± SD) ↓
CivilComments 0.020 ± 0.012 0.108 ± 0.056 0.064 ± 0.038

Bias-in-Bios 0.022 ± 0.010 0.065 ± 0.042 0.043 ± 0.032

Table 1: BAFA (disagreement) substantially reduces query

costs while improving over-time performance and stability

across 20 seeds. We report (i) convergence query-efficiency

(queries until mean error < 𝜀), (ii) over-time performance via

AUEC over the first 1k queries, and (iii) mid-budget error at

250 queries with variance across seeds.

𝜀 = 0.02 in 340 queries, compared to 1,748 queries for stratified sam-

pling, which is about a 5 times reduction. While the advantage is

less pronounced than in Case Study A at very small budgets, where

the smaller natural disparity makes stratified sampling briefly com-

petitive, BAFA still converges faster and more stably after the initial

phase and achieves the lowest AUEC and mid-budget error. This

confirms that BAFA’s query efficiency remains robust? even when

the surrogate and audited model are architecturally mismatched,

which is the realistic condition for independent auditors who do

not have access to details about the system being audited.

Uncertainty Bounds. One important component of BAFA is not

just an estimate of the fairness gap, but also a certificate interval

[𝜇𝑡
min

, 𝜇𝑡
max

] that shows howmuch the true ΔAUC could still change

based on the evidence so far. This interval, illustrated in Figure 3,

comes from solving two constrained optimisation problems over the

version space: one maximises and the other minimises the fairness

objective, both staying consistent with all black-box scores collected

up to now. Thewidth of this interval has a clear meaning as it sets an

upper limit on howmuchΔAUC could change under any hypothesis

that still fits the observed queries, and it gets smaller as new queries

rule out more hypotheses. In practice, on CivilComments, the

interval width is strongly linked to the true estimation error (𝑟 =

0.74–0.85), and the actual value falls within the interval in over 95%

of audit rounds.

3 From Method to Tool: A Human-Centred

Auditing Interface

Independent HCI and Fairness Auditing Tools and Interfaces. We

position this section as the central HCI contribution of the pa-

per: translating a constrained evaluation method into interface-

level design implications for real auditing practice. Although LLM

prompting tools and AI fairness evaluation toolkits exist, user- or
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Figure 3: Uncertainty Bounds: Upper and lower bounds on

the fairness metric converge as queries accumulate and can

be used as an uncertainty interval for auditors.

auditor-centric interfaces for systematic evaluation of LLM fairness,

privacy, and risk are still rare [27]. Prior HCI work has largely em-

phasised user-focused, open-source prompt engineering and explo-

ration tools such as ChainForge [2]. Arawjo et al. [2]’s Chainforge

provides a visual, node-based workflow for prompt engineering

and hypothesis testing, making it possible for users to compare

models and prompt variants, attach evaluators, and visualise re-

sults with minimal coding. In contrast, many auditing tools, es-

pecially fairness evaluation toolkits, are comparatively high-level

and expert-oriented, as a review of 435 AI auditing tools suggests

[27]. That aspect can be a poor fit for NGOs, journalists, or external

researchers who may have substantial domain and methodological

expertise but limited engineering capacity. Finally, across these tool

spaces, to our knowledge, query efficiency and resource constraints

are rarely treated as explicit design objectives.

As said, independent auditors rarely face the idealised condi-

tions assumed by many evaluation protocols. In prior adversarial

third-party audits, auditors repeatedly encountered and reported

challenges of such evaluations, such as strict query budgets and

rate limits, limited observability, shifting model versions, and high

variance from prompt- and context-sensitivity. These constraints

shape what evidence can be produced, how credible it appears, and

whether findings can be defended as more than “anecdotal” (e.g.,

[5, 9, 27, 32]). This is why we think that translating BAFA’s method

loop into an auditor-facing interface is a valuable HCI research

direction; audit tools that support resource-constrained evidence

production.

Uncertainty Visualization. A key challenge in HCI for auditing

is not just calculating a number, but also explaining what can be

concluded from limited evidence, as described above. BAFA helps

with this by showing uncertainty as a bounded interval based on

the current evidence. In practice, the interval could help to answer a

common but hard to quantify question for auditors: Given what we

have seen so far, how much could the true fairness gap still change?

The width of this interval sets an upper limit on how much the

target metric could change, considering all possible explanations

that still fit the observed responses.
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3.1 Ongoing Work: BAFA Interface to integrate

into node-based tools

Building on prior audit practice of authors, related work and the

structural constraints described above, we derive the following

design requirements (DRs) for auditor-facing tools that will be

validated and/or contested in interviewswith practitioners (auditors

at independent evaluation organisations, NGOs and academia) in

future work.

Design Goals.

DR1 Budget transparency and control.Auditors should be able

to plan and monitor their query budget during an audit [25,

33, 38]. Tools need to show query costs, rate limits, and

remaining budget in real time. They should also help auditors

allocate resources wisely across groups, prompts, and test

conditions instead of spending without a plan.

DR2 Metric selection guidance and transparency. Choosing

a fairness metric is not a neutral decision. Different met-

rics highlight different harms and can lead to conflicting

results [7, 13, 22]. Yet metric selection and guidance on that

are rarely supported by existing tools [14, 27]. Tools should

guide auditors, including non-technical users such as jour-

nalists and civil society auditors, in selecting metrics. They

should use plain language to explain what each metric mea-

sures, which groups it affects, and any known limitations.

For example, our case studies show this clearly. In CivilCom-

ments, ΔAUC highlights ranking differences in hate speech

scores across racial groups. In Bias-in-Bios, the same metric

shows gender differences in occupation confidence scores.

These are two different harms revealed by the same measure,

and they require different interpretations from auditors and

users.

DR3 Uncertainty as an audit output. Auditors need to know

the current fairness estimate and how much it could still

change based on the evidence so far [9, 36]. Tools should

treat uncertainty as a key output. For example, they can show

live-updated intervals with clear stopping points, instead of

only giving point estimates that hide what is still unknown.

DR4 Defensible stopping and reporting. External auditors of-

ten face challenges that can weaken the credibility of their

findings. Limited access to systems makes it harder to use

rigorous methods, and companies may ignore, co-opt, or

legally block audit results [5, 9, 32]. Tools should support

clear stopping rules, such as when the interval width is less

than a set threshold 𝜏 , and generate structured reports that

clearly show: (a) evidence of a meaningful disparity, (b) evi-

dence of no meaningful disparity, and (c) evidence that is not

enough to decide either way. This helps downstream audi-

ences like regulators, journalists, and legal teams understand

the findings.

DR5 Query guidance under constraints. Auditors benefit from

suggestions on which inputs to query next, but they must

keep control over what content is included so that specific

subgroups or language categories are not accidentally left

out [2, 15, 17, 35]. Tools should present ranked suggestions

with reasons, and let auditors restrict or override selections.

For example, they could exclude unsafe or stigmatizing con-

tent from the query pool.

DR6 Explainability of query selection. Auditors who need to

explain their methods to regulators, courts, or the public

must understand and explain not only what was queried but

also why those inputs were chosen [29]. Tools should give

clear summaries of selection patterns. For example, they can

show if queries focused on borderline cases, certain identity

terms, or underrepresented groups, so auditors can review

and justify the audit’s coverage.

DR7 Traceability and reproducibility under changing sys-

tems. Black-box systems can change quickly because of

model updates, prompt changes, or infrastructure shifts [11,

18, 37]. Tools must record all query details, including inputs,

prompts, timestamps, and model version headers when avail-

able, in the form of Ojewale et al. [28]’s audit trails. They

should also support running audits again over time and give

clear signals to spot changes between runs.

DR8 Risk-aware handling of sensitive inputs. Auditing sys-

tems for hate speech, bias, or discrimination oftenmeans sub-

mitting harmful or stigmatising content [25]. Tools should

warn auditors before sending sensitive queries, help safely

store and redact harmful material, and allow evaluation de-

signs that avoid repeatedly exposing affected groups to harm-

ful content just to document it.

DR9 Accessibility for non-technical auditors.Most current

fairness evaluation tools are designed for experts and engi-

neers, so they are not well suited for NGOs, journalists, and

civil society groups who may know the field but have lim-

ited machine learning experience [14, 26, 27]. Tools should

explain technical ideas like uncertainty intervals, query bud-

gets, and fairness metrics in plain language. They should

also let auditors participate fully without needing to write

code or interpret raw statistics.

DR10 Collaboration and evidentiary handoff. Independent au-

dits usually involve teams from NGOs, journalists, and aca-

demics [5, 32]. Deng et al. [14] explicitly finds that practi-

tioners want better collaboration support in fairness tools.

Tools should enable shared audit state, version-controlled

datasets, and structured handoff of findings to downstream

audiences, including regulators and legal teams [15, 27].

Future Work. The ten design requirements in this paper come

from our own auditing experience and a review of related literature,

but they need to be validated by working directly with practition-

ers. To do this, we plan to conduct 15 semi-structured interviews

with independent auditors from three groups: five from civil soci-

ety organisations with experience auditing deployed AI systems,

five from independent auditing organisations such as technical

inspection bodies, and five from academia and investigative jour-

nalism. Our aim is to validate, challenge, and expand the current

requirements by identifying any we may have missed, reordering

priorities, and grounding our interface vision in the real workflows,

constraints, and evidentiary standards that practitioners face. We

expect that this process will especially help us improve DR2 (metric

guidance), DR4 (defensible stopping), and DR9 (accessibility), where

our current approach may differ most from what practitioners need.
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After updating the requirements, we plan to develop a BAFA

interface as an open-source node module for ChainForge [2], with

integrated budget features. We will add budget tracking, live uncer-

tainty visualization, and guided query selection with BAFA as an

underlying method to ChainForge’s existing node-based workflow.

Then, we will test the interface with the same 15 practitioners in

a think-aloud study, watching how auditors use uncertainty inter-

vals, budget controls, and query suggestions in realistic auditing

situations. This study will assess both how usable the interface is

and how well it helps produce credible, defensible evidence when

access is limited, which is the main challenge we aim to address.

4 Discussion

The Importance of Diverse Stakeholders in the Audit Ecosystem.

Independent auditing of LLM systems needs input from people with

different technical skills, backgrounds, and levels of influence. As

Raji et al. [32], [24] and Birhane et al. [5] point out, audit ecosys-

tems work best when they include more than one type of auditor.

Civil society groups know the context of affected communities,

journalists can investigate and reach the public, academics offer

strong methods, and regulators have legal authority. Each group

faces its own challenges and adds something unique to account-

ability. For example, a journalist who reports on biased content

and an academic who measures group-level disparities are both

working toward accountability, but current tools rarely support

both roles [27]. Diversity is also important within the audit process

itself. Those most affected by harmful systems often know best

which harms matter and how they show up, but they are rarely

part of formal audits [32, 35]. So, audit tools and systems should

help not just with technical checks, but also with including affected

communities, sharing findings with different groups, and linking

evidence to action.

The Gap in Semi-Professional HCI Auditing Tools. Existing tool

ecosystems sit at two poles, leaving a gap in the middle. On one side,

user-centred tools [17] like ChainForge [2] offer accessible, visual

interfaces for prompt engineering and model comparison that are

explicitly designed for users with varying levels of technical exper-

tise. On the other side, AI fairness evaluation toolkits provide rig-

orous quantitative methods but are predominantly expert-oriented

and engineering-heavy, making them poorly suited for NGOs, jour-

nalists, or civil society auditors with limited ML literacy [14, 27].

What is missing is a class of semi-professional auditing tools that

combine the accessibility and interactivity of visual node interfaces

with the statistical rigour of fairness evaluation methods; tools

that support metric selection, uncertainty visualisation, and query

management for auditors who are not ML engineers but are not

casual users either. This gap is particular for independent auditors

operating under resource constraints, who need both methodologi-

cal credibility and practical usability to produce findings that can

withstand scrutiny.

Structural Constraints, Uncertainty, and the Need for Purpose-Built

Tooling. Independent auditors face real limits, like restricted API

access, high costs for queries, unpredictable outputs, and changing

model versions. These are not just technical problems but interac-

tional and institutional design problems that affect what evidence

can be collected, how trustworthy it seems, and whether results

can be defended as reliable. Uncertainty is not just about the num-

bers, but is built into the audit process itself, depending on who

can test, how much, and with what access. This is why we created

BAFA, a method that treats uncertainty as a key audit result, not

just something to reduce or ignore. The ten design requirements

in Section 3 are more than usability tips—they address these struc-

tural limits. Budget transparency (DR1), metric guidance (DR2),

live uncertainty display (DR3), defensible stopping (DR4), guided

query selection (DR5), explainable selection logic (DR6), traceability

(DR7), risk-aware input handling (DR8), accessibility (DR9), and

collaboration support (DR10) together form a vision for interfaces

that can use methods like BAFA and still be practical for the many

types of auditors needed for independent accountability.

5 Limitations

Design Requirements from Experience and Literature, Not Yet from

Practitioners. The ten design requirements we describe come from

our own auditing experience and a review of related research. We

have not yet checked or challenged them through interviews or

design sessions with practitioners, such as auditors at independent

evaluation groups, NGOs, or journalism organizations. This is an

important next step. Our requirements are informed but still only

part of the picture, and working with practitioners may show us

new needs, shift priorities, or question our current ideas. We see

these requirements as a starting point for co-design, not a final list.

Metric Gaps and the Limits of Certificates. Fairness metrics, in-

cluding BAFA’s bounded disparity estimates are only stand-ins for

real-world harm. To link a measured gap to real impacts, we need

to consider who is affected, how the system is used, and what poli-

cies and incentives are in place [6]. Numbers alone often miss the

most important harms [30], so metric-based audits work best when

combined with qualitative methods, input from stakeholders, and

case-based, human-centered evaluation [26]. BAFA’s uncertainty

bounds should not be seen as proof of overall system safety or

fairness. A model with tight bounds on one metric can still cause

serious harm that the metric does not show. This supports our main

point: focusing on uncertainty in audits is better than just testing

hypotheses or checking for compliance, because it makes the limits

of what we have measured clear instead of hiding them behind a

simple pass or fail.

6 Conclusion

We introduced BAFA, a method that makes it easier to audit group

fairness in black-box LLMs, even when access and resources are lim-

ited. We argued that evaluating under these constraints is mainly

an HCI challenge focused on producing evidence. In two case stud-

ies, BAFA lowered the number of queries needed to reach a set

level of accuracy and gave auditors a clear uncertainty signal to

help them decide when to stop. We turned BAFA’s process into ten

design requirements for tools aimed at auditors, considering the

needs of different groups, including ML researchers, journalists,

and civil society workers. There is still a big gap between current

fairness toolkits and user-friendly evaluation tools. We believe that
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creating semi-professional HCI auditing tools that combine statisti-

cal rigour, accessibility, clear uncertainty visuals, and support for

collaboration is an important next step for the HCI field.

7 Appendix
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A Experimental Details

A.0.1 Case Study A: CivilComments Black-Box Scoring & Repro-
ducibility. This case study audits racial disparities in hate speech

detection on the CivilComments dataset [8]. We treat a fine-tuned

Transformer classifier as a black-box scorer ℎ★ and estimate the

fairness target ΔAUC between dominant and marginalized identity

groups under limited query budgets.

Dataset. We use the CivilComments dataset from the Jigsaw

Unintended Bias in Toxicity Classification benchmark. The dataset

contains user-generated comments from English-language news

sites annotated for toxicity and multiple identity targets. We focus

on a binary group comparison between the dominant group (white)
and the marginalized group (black). After filtering for valid group

labels and ground-truth toxicity annotations, the audit pool U
contains approximately 50,000 comments. Each example is assigned

a deterministic identifier based on its index in the filtered dataset.

Black-box model. The black-box ℎ★ is a HateBERT model fine-

tuned on the SBIC dataset [34]. The model is trained with a single-

logit classification head and outputs a real-valued toxicity score.

During fine-tuning, we inject systematic bias by stochastically flip-

ping toxicity labels with fixed, group-conditional probabilities. La-

bels associated with the marginalized group (black) are flipped

with substantially higher probability than those associated with

the dominant group (white), while all randomness is controlled via

fixed seeds. This procedure induces a stable ground-truth disparity

of approximately ΔAUC ≈ 0.14, with higher AUC for the white

group.

Black-box inference. At audit time, the model is treated as a black

box and queried only via its scoring interface. For each input com-

ment 𝑥𝑖 , the black-box returns a toxicity score 𝑠★𝑖 ∈ [0, 1], obtained
by applying a sigmoid to the model’s output logit. Inference is deter-

ministic, with the model fixed in evaluation mode and no stochastic

decoding.

Fairness metric. We compute ROC AUC separately for the domi-

nant and marginalized groups:

AUCwhite = AUC({𝑠★𝑖 , 𝑦𝑖 }group=white)

AUCblack = AUC({𝑠★𝑖 , 𝑦𝑖 }group=black),
where𝑦𝑖 ∈ {0, 1} denotes the ground-truth toxicity label. The target
fairness metric is the difference

ΔAUC = AUCwhite − AUCblack .

This ΔAUC is the quantity estimated by the active auditing pipeline

in the main paper.

Caching and black-box interface. Unlike Case Study B, scores

are not cached to disk in advance. Instead, the black-box scorer

wraps the fixed HateBERT model and exposes a query interface

predict_scores(texts) that returns toxicity probabilities for ar-

bitrary batches of inputs. From the perspective of the auditing

algorithm, the system is accessed only via this interface.

Determinism and reproducibility notes. All random seeds are fixed

for dataset processing, bias injection during fine-tuning, and audit-

ing. The model checkpoint, label-flipping probabilities, optimizer

settings, training epochs, and random seeds are logged in the exper-

iment configuration. At audit time, inference is fully deterministic

given the fixed model parameters. Together, these choices ensure

reproducibility of both the ground-truth disparity and the auditing

results.

A.0.2 Case Study B: Bias-in-Bios Black-Box Scoring & Reproducibil-
ity. This case study audits gender disparities in occupation predic-

tion on Bias-in-Bios [12]. We treat a large instruction-tuned model

as a black-box scorer ℎ★ and estimate the fairness target ΔAUC

for a one-vs-rest task (“professor” vs. all other occupations) under

limited query budgets.

Dataset. We use the HuggingFace dataset LabHC/bias_in_bios
(splits train, test, dev). We concatenate splits in the fixed order

train→ test→ dev, reset indices, and assign deterministic IDs

id = "ID{i}" for 𝑖 ∈ {0, . . . , 𝑁 −1}. We use the biography text field

hard_text, the binary group attribute gender (0=male, 1=female),

and the ground-truth label profession (integer id mapped to a

string occupation name).

Occupation label set. The black-box returns a probability distri-

bution over 28 occupations, corresponding to the columns in the

cached score CSV (and exposed by BiasInBiosBlackBox.labels).
The canonical id-to-namemapping (0..27) is: accountant, architect,
attorney, chiropractor, comedian, composer, dentist,
dietitian, dj, filmmaker, interior_designer, journalist,
model, nurse, painter, paralegal, pastor, personal_trainer,
photographer, physician, poet, professor, psychologist,
rapper, software_engineer, surgeon, teacher, yoga_teacher.
In the audit, we focus on the target class professor.

Black-box model and decoding parameters. We generate black-

box scores once and cache them to disk (CSV) using the OpenAI

Responses API with structured output enforcement as seen in Table

2.

Prompt specification. The system-level instructions used for scor-

ing are:

You are an impartial occupation evaluation system.
Given biographies, choose the most likely occupation
from the allowed list.
Return confidence scores (integers 0–100) for each
allowed occupation.
Scores must sum to exactly 100.
Return ONLY valid JSON (no markdown).
Return an object with key “items” containing an
array of outputs.
Return one output object per input, in the same
order as inputs.
Allowed occupations: {28 labels listed above}.

Each output item is a JSON object with fields id, occupation, and
scores (a dict containing all 28 label keys). The full schema is

enforced via the Responses API text.format=json_schema with
strict=true.

Cached score file and black-box interface. All scores are stored in a

CSVwith columns: id, gold_occupation, gender, pred_occupation,
and 28 score columns (one per occupation). The black-box wrapper

BiasInBiosBlackBox(scores_csv) loads this file, converts scores
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Component Case Study A: CivilComments Case Study B: Bias-in-Bios

Task Hate speech / toxicity detection Occupation inference from biographies

Dataset CivilComments (Jigsaw Unintended

Bias)

Bias-in-Bios

Audit pool size ∼50k comments ∼390k biographies (for comparison we

take a 50k random sample)

Black-box system Fine-tuned HateBERT classifier OpenAI LLM via Responses API

Model identifier GroNLP/hateBERT gpt-4.1-mini-2025-04-14

Output signal Toxicity probability 𝑠★
𝑖
∈ [0, 1] Integer confidence scores in [0, 100]

Decoding / inference Deterministic (model in eval mode) temperature = 0.0, top_p = 1.0

Bias mechanism Stochastic label flipping during fine-

tuning

None (natural model behavior)

Bias specification Group-conditional flip probs (e.g. black

> white)

Fixed prompt + schema constraints

Fairness metric ΔAUC = AUCwhite − AUCblack One-vs-rest ΔAUC (female vs. male)

Ground-truth disparity ΔAUC ≈ 0.01 − −0.14 (synthetic) ΔAUC ≈ 0.02–0.05 (observed in random

sample 50k)

Caching Not applicable (local model) Cached once to CSV

Reproducibility Fixed seeds, logged config Fixed prompt, cached outputs

Table 2: Comparison of black-box setups across both case studies.

𝑠 ∈ [0, 100] to probabilities 𝑝 = 𝑠/100, and re-normalizes row-wise

so each probability vector sums to 1 (see query_distribution).

Fairness metric (one-vs-rest AUC for professor). For each biogra-
phy𝑥𝑖 , the black-box score for the target class is𝑝𝑖 = 𝑝 (professor |
𝑥𝑖 ), obtained from the cached distribution. We define binary labels

𝑌𝑖 = ⊮[gold_occupation(𝑥𝑖 ) = professor]. We compute AUC

separately for males and females on the audit pool: AUCmale =

AUC

(
{𝑝𝑖 , 𝑌𝑖 }gender=0

)
and AUCfemale = AUC

(
{𝑝𝑖 , 𝑌𝑖 }gender=1

)
, and

report the disparity ΔAUC = AUCmale − AUCfemale. This ΔAUC is

the target quantity estimated by the active auditing pipeline in the

main paper.

Determinism and reproducibility notes. All scoring uses deter-

ministic decoding (temperature 0; top-𝑝 1) and schema-constrained

JSON outputs. Dataset IDs are deterministic given the fixed split

concatenation order. The full configuration (model name, decoding

parameters, label set, prompt_cache_key, truncation lengths, and

CSV path) is stored alongside the cached score file and the auditing

logs.

A.0.3 Hyperparameter Evaluation.

Epochs for Optimization with Cooper. The number of gradient

steps used in constrained optimization (epochs_opt) controls how
accurately BAFA solves the inner C-ERM problems that produce

lower and upper surrogate bounds consistent with queried black-

box scores. We ablate epochs_opt ∈ {3, 6, 8, 10} while holding

𝜆=0.01, 𝑘=16, and reg_alpha=2.0 fixed, and report both query effi-

ciency (queries to target error) and bound tightness (final width).

For BAFA-Disagreement, the epochs_opt=6 configuration is not

reported due to missing/incomplete runs in our logs at the time of

writing.

Batch Sizes. BAFA uses two distinct batch-size parameters: the

active batch size 𝑘 (how many black-box queries are issued per

round) and theC-ERM batch size 𝐵cerm (how many queried points

are processed per gradient step in Cooper). Table 4 summarises their

empirical effect on the final absolute error and runtime. BAFA has

two batch-size knobs: the active batch size 𝑘 (queries per round) and

the C-ERM batch size 𝐵cerm (samples per gradient step in Cooper).

Choosing 𝑘 trades off update granularity against accumulated

optimisation error: smaller 𝑘 triggers more frequent C-ERM solves,

while larger 𝑘 makes selection less responsive to changes in the cer-

tificate. Choosing 𝐵cerm trades off gradient noise and stability under

constraints: too small increases constraint-violation oscillations,

while too large reduces the number of parameter updates per epoch

for a fixed |𝑆𝑡 | and can yield looser certificates. We found 𝑘=16 and

𝐵cerm=512 to be a robust default across both case studies, providing

stable C-ERM behaviour while keeping certificate updates frequent

enough for effective active selection.

A.0.4 Final Case Study Hyperparameters. Can be found in Table 5.

A.0.5 Computational Costs. BAFA trades additional local compu-

tation for fewer black-box queries. Across 196 runs (828 GPU-hours

total), end-to-end wall-clock time per seed is on the order of hours

on a single modern GPU, with most time spent in the constrained

optimisation step.

Hardware and runtime. Experiments ran on NVIDIA RTX A6000

(48GB), RTX 4090, and A100 (40GB). Table ?? reports wall-clock

time for complete runs. CivilComments has lower per-iteration cost

(2.7–5.3 min) than Bias-in-Bios (4.6–6.1 min), while the higher vari-

ance in CivilComments stems from heterogeneous hyperparameter

configurations (notably epochs_opt) used during tuning.
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Strategy epochs 𝜖 = 0.02 𝜖 = 0.05 Err@250 Err@Tmax Width@Tmax

Queries Reached Queries Reached

BAFA-BO 3 176 ± 132 76% 85 ± 48 97% 0.024 ± 0.015 0.025 ± 0.018 0.028 ± 0.071

BAFA-BO 6 104 ± 21 100% 53 ± 12 100% 0.019 ± 0.014 0.013 ± 0.008 0.058 ± 0.023

BAFA-BO
∗

8 66 ± 44 100% 47 ± 17 100% 0.018 ± 0.010 0.022 ± 0.011 0.009 ± 0.009

BAFA-BO 10 156 ± 90 91% 119 ± 52 100% 0.024 ± 0.020 0.014 ± 0.010 0.139 ± 0.160

BAFA-Dis 3 93 ± 38 56% 79 ± 35 75% 0.053 ± 0.031 0.056 ± 0.032 0.161 ± 0.452

BAFA-Dis
∗

8 80 ± 35 80% 64 ± 27 80% 0.017 ± 0.009 0.024 ± 0.011 0.169 ± 0.081

BAFA-Dis 10 111 ± 43 88% 78 ± 32 92% 0.021 ± 0.015 0.025 ± 0.042 0.183 ± 0.193

Table 3: C-ERM optimization epochs ablation. We vary epochs_opt (gradient steps for constrained optimization) while holding

𝜆=0.01, 𝑘=16, and reg_alpha=2.0 fixed. “Queries” reports mean ± std black-box queries required to reach absolute error ≤ 𝜖;

“Reached” is the fraction of runs that reached the target within the query budget.
∗
marks the lowest mean trajectory error

configuration among those evaluated.

Setting Value Final Error

Active batch size (queries/round)

𝑘 8 0.0350 ± 0.0276

𝑘 16 0.0156 ± 0.0112
𝑘 32 0.0198 ± 0.0157

C-ERM batch size (samples/step)

𝐵cerm 256 0.0232 ± 0.0137

𝐵cerm 512 0.0161 ± 0.0111
𝐵cerm 1024 0.0274 ± 0.0165

𝐵cerm 2056 0.0871 ± 0.0160

Table 4: Batch size ablations (summary). Final Error is

|�ΔAUC − ΔAUC| at the end of the audit (mean ± std across

runs).

Amortised cost per query. For runs targeting roughly 1200 total

queries, the amortised compute cost ranges from 17–40 seconds

per queried example (Table ??), with variation mainly driven by

the frequency and size of C-ERM updates (smaller batches imply

more optimisation rounds per fixed budget).

Where the time goes. Profiling representative runs shows that

C-ERM dominates wall-clock time (about 60–70%), followed by se-

lection (about 20–25%; BO/disagreement scoring and bookkeeping).

Black-box calls contribute a smaller fraction in our local-model

setting (about 5–10%) but can dominate for slow remote APIs.

Practical takeaways and speedups. Computational overhead is the

main bottleneck for practitioners, but it is largely an engineering

problem. The most direct improvement is to reduce how often C-

ERM is solved: for example, running C-ERM every𝑚-th iteration

(or more frequently early and less frequently later) would reduce

cost substantially while retaining much of the query-efficiency

benefit over stratified sampling. Additional savings come from

warm-starting the min/max problems from the previous round and

parallelising the two C-ERM solves. In this paper we prioritise best-

case query-efficiency; reducing optimisation cost is an important

direction for follow-up work.

A.1 Evaluation Details

A.1.1 Evaluation Metrics. We evaluate auditing strategies using

three audit-relevant metrics: convergence query-efficiency, over-

time performance, and stability.

Convergence query-efficiency. Let 𝑒
(𝑠 )
𝑡 denote the absolute esti-

mation error after 𝑡 black-box queries in run (seed) 𝑠 , and let

𝑒𝑡 :=
1

𝑆

𝑆∑︁
𝑠=1

𝑒
(𝑠 )
𝑡

be the mean error across 𝑆 = 20 seeds at query budget 𝑡 . For a target

accuracy threshold 𝜀, we define the convergence query-efficiency

as the smallest query budget 𝑡 such that the mean error falls below

the threshold,

𝑡𝜀 := min{𝑡 : 𝑒𝑡 ≤ 𝜀}.
This metric reflects how many queries are required, on average

across runs, to reach a desired estimation accuracy.

Over-time performance (AUEC).. To capture performance through-

out the auditing process, we compute the area under the error curve

(AUEC) over the first 𝑇max = 1000 queries,

AUEC(𝑇max) :=

𝑇max∑︁
𝑡=1

𝑒𝑡 .

Lower AUEC values indicate faster and more consistent error re-

duction over time.

Stability across seeds. To assess robustness to randomness in ini-

tialisation and sampling, we report the mean and standard deviation

of the absolute error 𝑒
(𝑠 )
𝑡 across seeds at fixed query budgets (e.g.,

𝑡 = 250). Lower variance indicates more stable auditing behaviour

across runs.

A.1.2 Descriptive Statistics Results. Can be found in Table 8 and

Table 9.
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Parameter CivilComments Bias-in-Bios Description

Experimental Setup

Seeds 20 random seeds (0-99, sampled) Random initialization for repro-

ducibility

Total iterations (𝑇 ) 75 75 Maximum audit rounds

Top-𝑘 batch size 16 16 Queries selected per round

Candidate pool size (𝑀) 1000 1000 Pool size for active selection

Seed set strategy Stratified by (𝑔, 𝑦) Initial labeled samples

Seed set size 1 × |groups | × |labels | 1 sample per stratum

Surrogate Model

Architecture bert-base-uncased 110M parameters, 12 layers

Max sequence length 128 128 Tokenization truncation

Learning rate 2 × 10
−5

AdamW optimizer

Batch size 16 16 Training batch size

Warmup epochs 2 2 Initial training on seed set

Retraining epochs (𝐸sur) 4 4 Per-round fine-tuning

C-ERM Constrained Optimization

Constraint tolerance (𝜆) 0.01 0.01 |ℎ (𝑥 ) − ℎ∗ (𝑥 ) | ≤ 𝜆

Target precision (𝜖) 0.01 0.01 Stopping criterion (not used)

Optimization epochs (𝐸opt) 10 8 Gradient steps for min/max

Optimizer batch size 512 512 Cooper constrained optimiza-

tion

Regularization weight (𝛼 ) 2.0 2.0 Distributional matching

penalty

Optimization library Cooper (Gallego-Posada et al., 2025) Lagrangian-based C-ERM

Bayesian Optimization (BO strategy only)

Acquisition function Upper Confidence Bound (UCB) Exploration-exploitation trade-

off

UCB parameter (𝛽) 1.0 1.0 Confidence interval width

Diversity weight (𝛾 ) 0.2 0.2 Penalty for similar queries

GP kernel RBF (Matérn 5/2) Gaussian Process covariance

Feature embedding BERT [CLS] + group 𝑔 Input to GP surrogate

Black-Box Models

Model architecture HateBERT GPT-4.1-mini-25-04-14 Target audited systems

Training data SBIC (flipped labels) Few-shot prompted Systematic bias injection

Score range [0, 1] [0, 100] Normalized to [0,1] internally

True ΔAUC ≈ 0.14 ≈ 0.02–0.045 Ground-truth disparity

Datasets

Source CivilComments Bias-in-Bios Audit data pools

Task Toxicity detection Profession prediction Binary classification

Protected attribute 8 identity groups Gender (binary) 𝑔 ∈ {0, 1}
Pool size ∼50k comments 50k random sampled biographies After filtering

Target occupation — Professor vs. others Binary task setup

Computational Resources

GPU RTX 4090 / A6000 / A100 RTX 4090 / A6000 / A100 24-48GB VRAM

Wall-clock time/round ∼45-60s ∼30-45s Avg. over 20 seeds

Total GPU-hours/run ∼4-6h ∼4-6h 75 iterations

Table 5: Complete final hyperparameters for BAFA experiments across both case studies. All parameters held constant across

20 random seeds except seed initialization.
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Table 8: Descriptive statistics for Civil Comments dataset. For each query budget, we report mean absolute error with 95% CI,

median, and IQR across all replicates.

Strategy n T=100 T=250 T=1000

Mean [95% CI] Median (IQR) Mean [95% CI] Median (IQR) Mean [95% CI] Median (IQR)

BAFA methods

BAFA (BO) 20 0.086 [0.066, 0.106] 0.077 (0.070) 0.021 [0.013, 0.030] 0.018 (0.020) 0.012 [0.007, 0.017] 0.013 (0.008)

BAFA (disagreement) 20 0.046 [0.028, 0.064] 0.040 (0.048) 0.020 [0.015, 0.026] 0.019 (0.017) 0.010 [0.004, 0.016] 0.007 (0.008)

Baseline methods

BO (ablation) 20 0.067 [0.045, 0.089] 0.054 (0.065) 0.096 [0.062, 0.131] 0.088 (0.044) 0.026 [0.020, 0.033] 0.027 (0.021)

Power sampling 20 0.131 [0.092, 0.169] 0.117 (0.102) 0.108 [0.080, 0.135] 0.104 (0.089) 0.046 [0.026, 0.066] 0.030 (0.055)

Stratified sampling 20 0.095 [0.067, 0.122] 0.093 (0.079) 0.064 [0.046, 0.083] 0.064 (0.058) 0.039 [0.026, 0.052] 0.029 (0.029)

Table 9: Descriptive statistics for Bias-in-Bios dataset. For each query budget, we report mean absolute error with 95% CI,

median, and IQR across all replicates.

Strategy n T=100 T=250 T=1000

Mean [95% CI] Median (IQR) Mean [95% CI] Median (IQR) Mean [95% CI] Median (IQR)

BAFA methods

BAFA (BO) 20 0.107 [0.058, 0.156] 0.057 (0.111) 0.022 [0.017, 0.026] 0.022 (0.011) 0.019 [0.014, 0.023] 0.016 (0.005)

BAFA (disagreement) 20 0.098 [0.051, 0.145] 0.061 (0.122) 0.022 [0.017, 0.027] 0.025 (0.016) 0.018 [0.014, 0.022] 0.019 (0.008)

Baseline methods

BO (ablation) 20 0.043 [0.023, 0.064] 0.024 (0.050) 0.023 [0.014, 0.033] 0.013 (0.029) 0.012 [0.008, 0.016] 0.011 (0.011)

Power sampling 20 0.065 [0.035, 0.094] 0.040 (0.071) 0.065 [0.045, 0.085] 0.053 (0.064) 0.025 [0.015, 0.034] 0.021 (0.034)

Stratified sampling 20 0.058 [0.037, 0.078] 0.045 (0.065) 0.043 [0.028, 0.058] 0.036 (0.034) 0.025 [0.018, 0.033] 0.025 (0.018)
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