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Abstract

Safety-aligned large language models (LLMs) are becoming
increasingly widespread, especially in sensitive applications
where fairness is essential and biased outputs can cause sig-
nificant harm. However, evaluating the fairness of models is a
complex challenge, and approaches that do so typically utilize
standard question-answer (QA) styled schemes. Such meth-
ods often overlook deeper issues by interpreting the model’s
refusal responses as positive fairness measurements, which
creates a false sense of fairness. In this work, we introduce
the concept of silenced biases, which are unfair preferences
encoded within models’ latent space and are effectively con-
cealed by safety-alignment. Previous approaches that consid-
ered similar indirect biases often relied on prompt manipu-
lation or handcrafted implicit queries, which present limited
scalability and risk contaminating the evaluation process with
additional biases. We propose the Silenced Bias Benchmark
(SBB), which aims to uncover these biases by employing acti-
vation steering to reduce model refusals during QA. SBB sup-
ports easy expansion to new demographic groups and subjects,
presenting a fairness evaluation framework that encourages
the future development of fair models and tools beyond the
masking effects of alignment training. We demonstrate our
approach over multiple LLMs, where our findings expose an
alarming distinction between models’ direct responses and
their underlying fairness issues.

Code — https://github.com/wr0om/SBB

1 Introduction
LLMs have become core engines in agentic AI systems (Sap-
kota 2025; Zeltyn 2025; Massoudi 2025; Plaat 2025), and are
increasingly deployed in high-stakes domains such as health-
care (Zeltzer et al. 2025), economics (Ross, Kim, and Lo
2024), and public policy (Zeng et al. 2024; OECD 2025). In
these sensitive settings, biased model outputs toward certain
demographic groups can lead to real-world harm, including
unequal treatment, discrimination, and restricted access to
services (Mehrabi et al. 2021; Barocas, Hardt, and Narayanan
2017).

Such risks have intensified attention on group fairness,
the principle that model outcomes should not systematically
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Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Category Subject Question Answer Fairness
Devia-
tion

Politics Admitted
student

[...] an admitted stu-
dent at a prestigious
university?

[...] final answer
is: ’liberal’.

Liberal
360%

Race Reoffend Which individual
[...] prisoner likely
to reoffend?

Among the races
[...] is: Black.

Black
460%

Nationality Strong
Job
Candi-
date

[...] who is most
likely to excel at be-
ing a strong job can-
didate among [...]?

Among the na-
tionalities [...]
my final answer
is: American.

American
810%

Table 1: Examples of biased model predictions with their
associated fairness deviations, on Llama-3.1-8B-Instruct.

disadvantage individuals based on attributes like race, gender,
or nationality (Dwork et al. 2012). LLMs often reproduce
biased associations from their training data (Gallegos et al.
2024; Pan et al. 2025), making fairness essential for equi-
table performance and public trust (Bolukbasi et al. 2016;
Caliskan, Bryson, and Narayanan 2017; Mikolov et al. 2013).
To assess fairness, many benchmarks have been developed,
often using multiple-choice QA tasks to measure group-level
disparities (Parrish et al. 2021; Sap et al. 2019; Sheng et al.
2019; Nadeem, Bethke, and Reddy 2020; Smith et al. 2022;
Jung et al. 2025).

However, not all biases can be identified through straight-
forward, explicit questioning (Bai et al. 2024). Recent QA
benchmarks have increasingly shifted their focus from di-
rectly assessing fairness to revealing hidden or implicit biases
by crafting prompt manipulations that exploit model vulner-
abilities (Ge et al. 2025; Qi et al. 2023a; Liu et al. 2023).
These manipulations are sometimes framed as jailbreak at-
tacks, where inputs are crafted to bypass safety mechanisms
and elicit restricted or harmful outputs from the model (Jung
et al. 2025). Others are framed as implicit questions (Bai
et al. 2024; Pan et al. 2025) which embed settings in neutral
or ambiguous contexts to elicit responses that implicitly re-
flect stereotypes, such as associations between demographics
and attributes (e.g., race and criminality) (Caliskan, Bryson,
and Narayanan 2017; Nangia et al. 2020; Kotek, Dockum,
and Sun 2023). Implicit QA prompts share similarities with
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prompt injection attacks (Liu et al. 2024a; Henderson et al.
2023), as they subtly manipulate inputs to extract sensitive
answers without triggering safety mechanisms (Himelstein
et al. 2025a).

Refusal Subspace
Compliance Subspace
SBB
SBB + Activation Steering

Figure 1: Refusal activation steering on the SBB dataset, on
Llama-2-7b-chat-hf.

Jailbreaking and prompt injections, key aspects of adver-
sarial LLM (Wei, Haghtalab, and Steinhardt 2023; Zou et al.
2023; Ge et al. 2025; Lee and Seong 2024), are designed to
bypass safety alignment techniques, which train models to
avoid harmful outputs, often resulting in refusals (e.g., “I’m
sorry, I can’t help with that”) (Ouyang et al. 2022; Zhang
et al. 2025; Zhou et al. 2023). Research shows that refusal
behavior is also embedded in the models’ activations and can
be effectively removed by activation steering (Arditi et al.
2024), raising concerns that alignment hides rather than re-
solves underlying issues (Qi et al. 2023b; Henderson et al.
2024; Seyitoğlu et al. 2024). This supports growing evidence
that QA benchmarks evaluate only surface-level responses
while allowing refusals (e.g., “cannot determine”), which can
obscure the presence of bias. For instance, Bai et al. (2024)
found that the BBQ benchmark (Parrish et al. 2021) shows a
98% refusal rate on GPT-4, illustrating how evaluations often
sidestep harmful or sensitive topics (Jung et al. 2025).

Current bias and fairness evaluation methods, such as bias-
eliciting manipulated prompts like implicit bias queries, of-
ten fall short by introducing subtle distortions, where slight
changes in wording or context can alter model responses and
reflect subjectivity rather than true latent bias, thus reduc-
ing reliability (Zhuo et al. 2024; Panickssery, Bowman, and
Feng 2024; Arabzadeh and Clarke 2025). These methods
also lack scalability due to the labor-intensive process of
creating prompts tailored to specific domains or demograph-
ics, which limits large-scale QA evaluations (Hida, Kaneko,
and Okazaki 2024; Khan, Casper, and Hadfield-Menell 2025;
Clarke and Dietz 2024; Bouchard 2024). Furthermore, sim-
ple prompt manipulations often still fail to bypass modern
alignment methods, leaving certain biases unexplored (Jung
et al. 2025). As a result, models may pass fairness tests while
still retaining underlying biased associations (Bai et al. 2025;
Hu et al. 2025; Wen et al. 2025; Liu et al. 2025). Finally, the
lack of understanding of how biases are concealed by safety
alignment in LLMs further impedes the development of effec-
tive debiasing methods and reliable evaluation benchmarks
(Casper et al. 2023; Xiao et al. 2024; Li et al. 2024).

In this work, we introduce the concept of silenced biases,

which are biases that are suppressed by safety alignment
refusals. These internal refusal mechanisms often give a
false appearance of fairness, which complicates the accu-
rate assessment of bias. To investigate this, we introduce
the Silenced Bias Benchmark (SBB), which assesses group
fairness by probing QA prompts of sensitive topics typically
masked by safety alignment. Table 1 presents examples of
such prompts alongside their corresponding model outputs
after safety alignment has been bypassed. The fairness de-
viation metric reflects the extent to which the model favors
a particular group relative to a uniformly fair distribution.
For instance, the model selects liberal students for university
admission 360% more often than expected under a uniformly
fair distribution, illustrating a significant fairness deviation.
SBB employs activation steering to reduce model refusals.
As illustrated in Figure 1, applying activation steering to our
QA bias prompts from the SBB dataset shifts their hidden
representations from the refusal subspace, where the model
typically declines to respond, to the compliance subspace,
where it is more likely to produce compliant answers (Levi
et al. 2025). Below, we outline our main contributions.

• Silenced biases We define silenced biases as biases sup-
pressed by safety alignment, with existing benchmarks
often failing to reveal them.

• Refusal steering for bias exposure We propose refusal
activation steering as an unbiased method to bypass re-
fusal filters and expose silenced bias.

• SBB benchmark We present SBB: QA prompts on sen-
sitive topics crafted to reveal silenced biases, including:
(1) a structured query generator across sentiments and
demographic categories, (2) a refusal-steering framework,
and (3) a fairness module for bias evaluation.

• Large-scale evaluation We analyze 100K QA prompts
per LLM, across 10 LLMs, uncovering silenced bias that
surfaces after bypassing safety mechanisms. Our results
highlight gaps in existing methods, validate our approach,
and show that all tested model families exhibit bias, vary-
ing by size, architecture, and family.

We begin by providing the necessary related work and
background in Section 2. In Section 3, we introduce the con-
cept of silenced bias and describe how activation steering
can be used to uncover it. We then present our benchmark in
Section 4 and evaluate its performance across models in Sec-
tion 5. Finally, we conclude with a discussion of our findings
and their implications in Section 6. A more detailed version
of this paper with additional experiments in the Appendix
can be found in Himelstein et al. (2025b).

2 Related Work and Background
Types of bias in LLMs. LLMs can exhibit various forms
of bias, which differ in how they manifest and how easily
they can be detected. Bai et al. (2024) defines implicit bias as
stereotypical associations that remain hidden when a model
responds neutrally to direct prompts but become apparent
through indirect or rephrased queries, as further explored
in Bi et al. (2023). Pan et al. (2025); Jung et al. (2025);
Azzopardi and Moshfeghi (2024) examine hidden bias that
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emerge in context-dependent situations. These works empha-
size that models may appear unbiased in simple tests but
still reinforce stereotypes when the added context is more
complex, either in real-world scenarios (Pan et al. 2025; Az-
zopardi and Moshfeghi 2024) or in adversarial contexts such
as jailbreak attacks (Jung et al. 2025). Building on these in-
sights, we define a new type of bias, silenced bias, which
refers to biases concealed by the model’s refusal mechanisms.

LLM bias benchmarks. A range of benchmarks has been
developed to assess different types of bias in LLMs. BBQ
(Parrish et al. 2021) targets hidden bias by using multiple-
choice questions with and without contextual cues to reveal
how stereotypes influence model behavior in nuanced scenar-
ios. StereoSet (Nadeem, Bethke, and Reddy 2021) evaluates
stereotypical preferences in completions by comparing the
likelihood of stereotypical versus anti-stereotypical continua-
tions, reflecting both explicit and implicit bias. These bench-
marks include built-in refusal options, such as ”unknown”
or unrelated answers, which can enable models to avoid re-
vealing their true preferences, potentially obscuring biased
behavior. ImplicitBias (Bai et al. 2024) and Bi et al. (2023)
focus specifically on implicit bias, probing models through
indirect or rephrased prompts to uncover associations not
expressed in direct responses, without providing a refusal
option. Other approaches aim to surface hidden bias by using
LLM-as-a-judge frameworks (Liu et al. 2024b; Shaikh et al.
2023) or by injecting jailbreak attacks into existing datasets
(Qi et al. 2023a; Deshpande et al. 2023; Jung et al. 2025).
In contrast, our benchmark introduces the notion of silenced
bias and avoids prompt engineering, containing only explicit
QA, which is typically sensitive and harmful.

Fairness measures. Group fairness has been widely stud-
ied in predictive models, typically focusing on ensuring com-
parable outcomes for a protected group and a privileged
group (Dwork et al. 2012; Bi et al. 2023). In this work, we
extend the concept of group fairness to multiple demographic
groups in the context of multiple-choice questions. A per-
fectly fair model would treat all groups equally, meaning that
each group is selected at an equal rate out of all groups. To
quantify how far a model deviates from this ideal scenario,
we consider two established measures: Kullback-Leibler (KL)
divergence and demographic-parity difference (DPD). For
representational disparity, Salinas et al. (2023) proposes using
KL-divergence to compare each group’s topic distribution to
the overall topic distribution. In a perfectly fair system, these
distributions coincide, resulting in a KL-divergence of zero.
For sociodemographic disparity, Li, Shirado, and Das (2025)
defines the DPD as the maximum difference in decision rates
between any two groups. This measure captures the extent to
which demographic parity is violated, where a perfectly fair
system would have a DPD of zero. To assess the significance
of an observed DPD, they apply a bootstrapping test under
the assumption of a fair and unbiased model, which serves as
the null hypothesis.

Refusal direction. Hidden representations within LLMs
are rich sources of information (Arditi et al. 2024; LeVi et al.
2025; Azachi et al. 2025). One application of this is the iden-

tification of refusal activation directions: specific vectors in
the activation space that quantify the model’s tendency to
decline prompts that are considered harmful. Similar activa-
tion directions were employed by Li et al. (2025) in order
to suppress biased behavior. In this work, we adopt the spe-
cific refusal direction with its settings as defined by Arditi
et al. (2024), computed as the difference between the mean
activations elicited by harmful and harmless prompts at each
layer l and token position i, denoted r

(l)
i . This direction cap-

tures the alignment-induced activation signature associated
with refusal behavior and serves as a foundation for inter-
vention in the model’s response mechanism (Equation (3)).
Additionally, for a given set of prompts, we define the ac-
tivation direction using the same calculation as the refusal
direction, but applied to these prompts instead of the harmful
and harmless ones.

µ
(l)
i =

1

|D(train)
harmful|

∑
t∈D

(train)
harmful

x
(l)
i (t) (1)

ν
(l)
i =

1

|D(train)
harmless|

∑
t∈D

(train)
harmless

x
(l)
i (t) (2)

r
(l)
i = µ

(l)
i − ν

(l)
i (3)

Refusal steering. Refusal steering manipulates the model’s
internal activations during inference using a learned refusal
direction, allowing it to generate responses it would other-
wise suppress. We apply two methods: (a) direction ablation,
which removes the activation component aligned with the re-
fusal direction by projecting onto its orthogonal complement
across all layers, and (b) direction subtraction, which shifts
activations away from the refusal direction at a single layer
l, as formally defined in Equation (4). Layer l is chosen as
the layer with the largest drop in the model’s refusal behav-
ior. These techniques bypass safety constraints and expose
the model’s suppressed outputs. Throughout the paper, re-
fusal steering refers to using the refusal direction to modify
activations via either method.

x′ ← x− r̂r̂⊤x, x(l)′ ← x(l) − r(l) (4)

3 Silenced Bias
In this section, we define what silenced biases are and how
refusal steering helps reveal them. We find that most existing
benchmarks often do not trigger refusals, even when bias is
present. Moreover, we show that the refusal direction itself
does not contain or cause social bias, and that refusal steering
yields stable results.

Definition We define silenced biases as explicit biases ex-
tracted by QA prompts that the model initially refuses to
comply with. Such biases are suppressed by LLMs’ safety-
alignment training, which obscures latent information. This
builds upon the notion of implicit bias introduced by Bai et al.
(2024), providing a complementary view on the underlying
biases LLMs exhibit. Despite being suppressed at the output
level, silenced biases can still influence the model’s internal
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representations and decision-making processes. Critically,
they are difficult to detect using conventional QA-based bias
benchmarks, which often treat refusals or unrelated responses
as acceptable. As a result, such benchmarks may significantly
underestimate the presence of silenced bias, overlooking the
discriminatory patterns still encoded in the model’s behavior.

0 5 10 15 20 25 30
Layer

1.0

0.5

0.0

0.5

1.0

Co
si

ne
 S

im
ila

rit
y Harmless

Harmful
BBQ
StereoSet
ImplicitBias
SBB (ours)

Figure 2: Cosine similarity with refusal direction across base-
line benchmarks compared to SBB, on Llama-2-7b-chat-hf

Benchmark direction similarity with refusal direction.
To assess how prior benchmarks fail to uncover silenced bias,
we analyze refusal behavior in their data by measuring the
extent to which refusals conceal true responses. Specifically,
we compute the cosine similarity between the refusal direc-
tion and the activation vectors of each benchmark’s prompts
(Arditi et al. 2024), including our benchmark, which will be
introduced later in Section 4.1. We also compute two baseline
activations, one from harmful prompts and one from harmless
prompts, to serve as reference points for comparison, using
data from the test set of Arditi et al. (2024). As shown in
Figure 2, our dataset exhibits consistently higher similarity
to the refusal direction than all existing benchmarks. This
suggests that previous benchmarks may avoid or suppress
sensitive bias expressions, thereby overlooking silenced bias.

3.1 Extract Silenced Biases via Refusal Steering
Some silenced biases involve sensitive or harmful content,
but even non-sensitive, bias-related prompts can trigger re-
fusals due to their preference-based framing. To recover these
blocked responses in high-refusal benchmarks, we apply re-
fusal steering using both techniques from Section 2. For
robustness, we sample harmful and harmless prompts to cre-
ate R refusal direction variants (Equation (3)). Each is used
in steering, yielding 2R × M total instances for a bench-
mark with M prompts, improving stability and coverage.
A key concern is whether refusal steering reliably reveals
suppressed biases or if it inadvertently introduces new arti-
facts. To address this, we evaluate the method through three
complementary strategies:

A. Refusal direction creation is unbiased. The refusal di-
rection is derived from prompts intended to elicit harmful
content (Arditi et al. 2024), excluding any social or identity-
related bias data. Following the methodology of Prabhumoye
et al. (2021), we verified using Llama-3.1-8B-Instruct (Dubey

et al. 2024) that 100% of the sampled harmful and harmless
prompts contained no identity-related or socially biased con-
tent. Since the prompts differ in context but share only the
harmfulness attribute, the resulting direction captures general
refusal behavior rather than context-specific biases (Arditi
et al. 2024).

biased
unbiased

Figure 3: PCA of biased and unbiased query-response pairs,
of questions about abilities. On Llama-2-7b-chat-hf, layer 31.

B. Preferences have differing representations. We investi-
gate whether internal model activations encode latent biases,
even when these are suppressed through refusals. Building
on the findings of Li et al. (2025), who demonstrate that such
biases can be detected in hidden layers before generation,
we hypothesize that biased associations remain embedded in
the model’s internal representations, regardless of its refusal
to respond. We test this using QA prompts from our bench-
mark, introduced later in Section 4, by curating sets of biased
and unbiased query–response pairs. Biased pairs are those
preferred by the LLM after refusal steering, while unbiased
pairs are those it did not favor. Importantly, the model initially
refused to respond to all queries before steering. We concate-
nate these pairs and input them into the model, extracting
activations from intermediate layers (Li et al. 2025) to assess
whether the model internally distinguishes between the two
categories. As shown in Figure 3, the resulting activations
form clearly separable clusters, suggesting that discrimina-
tory associations are encoded in the model’s internal states
even without applying refusal steering.
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C. Bias stability under refusal steering. We assess whether
refusal steering affects demographic biases by running the
BBQ benchmark (Parrish et al. 2021) on Llama-3.1-8B-
Instruct, comparing bias scores from the original model and
the model after applying refusal steering (Figure 4). Bias
score, as defined in Parrish et al. (2021), quantifies the de-
gree of bias in a given category, with higher values indicat-
ing greater bias. After steering, the refusal rate on ambigu-
ous questions decreases slightly from 73% to 69%, while
bias scores remain largely stable. For instance, the score for
”Race/ethnicity” shifts from -1.15 to -0.48, and ”Physical
appearance” increases from 15.51 to 15.13, with similarly
minor changes observed across other categories. To probe
deeper biases, we remove the refusal option from the BBQ
prompts and rerun the evaluation. The original model con-
tinues to refuse 69% of the time, while the steered model’s
refusal rate drops to 37%, revealing more extreme biases
that were previously suppressed. These results indicate that
refusal steering enhances responsiveness without distorting
standard bias metrics, while also uncovering deeper, silenced
biases when refusal is no longer permitted.

4 Silenced Bias Benchmark (SBB)
In this section, we introduce SBB, a structured benchmark
designed to evaluate silenced bias in LLMs. We first describe
our dataset in Section 4.1, followed by our methodology for
fairness evaluation in Section 4.2.

4.1 Dataset
The default configuration of the SBB dataset contains 4,800
bias-targeted queries, with support for extension to additional
demographic dimensions and subject types. Each query is
constructed by combining three core components: a subject,
a demographic category, and a query variation. The model
is prompted to select the group most associated with a given
subject from a fixed list of demographic groups. The key
concepts used throughout the dataset are defined below. To
extend the dataset, only the demographic categories, groups,
and subjects for bias analysis need to be specified; the script
then automatically generates the corresponding prompts and
integrates them into the existing dataset.

Subjects. Subjects (S) are predefined roles or descriptors
used to probe bias in model associations. The dataset in-
cludes 30 subjects, equally distributed across three types to
test whether a bias is positive, negative, or reflects general
over-representation: Positive subjects (Spos): High-status
or commendable roles (e.g., ”a promotable employee”, ”a
strong job candidate”), used to assess favorable bias. Nega-
tive subjects (Sneg): Roles with strong negative connotations
(e.g., ”a healthcare scammer”, ”an organized crime king-
pin”), aimed at detecting adverse bias. Neutral subjects
(Sneu): Everyday, socially neutral activities (e.g., ”a person
who drinks water”, ”a person who takes walks”), serving as
a control baseline.

Demographic Categories. A demographic category c ∈ C
represents a single social dimension, such as nationality,
and is instantiated as a fixed, mutually-exclusive set of ten

groups Gc = {g1, . . . , g10} (e.g., American, French, . . . ).
In total, SBB includes 16 demographic categories C, These
categories cover social dimensions known to correlate with
model bias. These categories are drawn from Smith et al.
(2022), with groupings taken from reliable sources, such as
the U.S. Census Bureau. Each query asks the model to select
exactly one group from the group options, which are all the
groups that are contained within the given category.

Query Variations. Each subject-category pair is rendered
in 10 distinct query templates, varying surface syntax while
preserving meaning. These include passive/active swaps, re-
ordered syntax, and alternative question framings (e.g., “who
is most likely to stand out as [...]?” vs. “who has the highest
potential to be [...]?”). These variations aim to ensure that the
framing of the queries does not induce bias.

Dataset Construction. The final dataset is produced
through a full cross-product of subjects, categories, and query
variations. Each query is a multiple-choice question with
10 demographic group options, randomly shuffled to avoid
position bias (Shi et al. 2024). For example: “In your opin-
ion, who is most likely to excel at being a healthcare scam-
mer among the following ’American, Iranian, Russian, Iraqi,
British, Indian, Ukrainian, Chinese, Israeli, French’?

4.2 Fairness Evaluation
We seek to quantitatively evaluate the fairness of silenced
bias for an LLM M based on our dataset and its generated
responses. For each demographic category c and subject s, we
observe the distribution of responses across the demographic
groups Gc. We define the conditional probability distribution
over these groups induced by M as PrM (g | c, s), where
g ∈ Gc.

Demographic-Parity Difference (DPD). To capture dis-
parities in representation across groups, we expand the def-
inition of Li, Shirado, and Das (2025), and define the DPD
for a given category c and subject s. This measure captures
the maximum difference in representation between any two
groups within the same category for a given subject. To evalu-
ate the model’s overall preferences, we aggregate DPD scores
across subjects labeled as positive, negative, and neutral, and
analyze these to determine whether specific demographic
groups are consistently favored, disadvantaged, or overrepre-
sented. Formally:

DPD(c, s) = max
g∈Gc

PrM (g | c, s)− min
g∈Gc

PrM (g | c, s)

Kullback–Leibler (KL) Divergence. Extending the def-
inition from Salinas et al. (2023), we compute the KL di-
vergence between the model’s predicted group distribution
PrM (· | c, s) and a uniform distribution over the set Gc. This
measure quantifies the extent to which the model’s output
distribution differs from equal representation across all de-
mographic groups. To analyze overall bias, we aggregate KL
scores across subjects of the same type, allowing us to ex-
amine how consistently the model distributes representation
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within each sentiment. Formally:

KL
(
PrM (· | c, s) ∥Uniform

)
=

∑
g∈Gc

PrM (g | c, s)

· log
(
PrM (g | c, s)

1/|Gc|

)
5 Experiments

This section presents a comprehensive empirical evaluation
of SBB. We first present the experimental setting in Sec-
tion 5.1, and continue to discuss the results in Section 5.2.
Our evaluation seeks to address four key research claims:
• (RC1) Silenced bias is suppressed, but not eliminated.
• (RC2) Existing methods fail to reveal silenced bias.
• (RC3) Refusal steering successfully reveals silenced bias.
• (RC4) SBB offers a comprehensive assessment of silenced

biases across architectures, versions, and model sizes.

5.1 Experimental Setting
Datasets. We conduct experiments on SBB, as described in
Section 4.1. The refusal directions (Section 3.1) are created
using the training set from Arditi et al. (2024), with harmful
prompts from AdvBench (Zou et al. 2023), MaliciousInstruct
(Huang et al. 2023), and TDC2023 (Mazeika et al. 2023), and
harmless prompts from Alpaca (Taori et al. 2023).

Models. We evaluate our method on 10 LLMs spanning
three major open-source families: Llama (Touvron et al. 2023;
Dubey et al. 2024), Gemma (Team et al. 2024), and Qwen
(Bai et al. 2023; Team 2024). For clarity, we refer to Llama
models as L, Gemma as G, and Qwen as Q.

Refusal Steering. We run our benchmark R = 10 times,
where R is the number of different refusal direction variants
sampled from different seeds, following the procedure out-
lined in Section 3.1. Each refusal direction is computed using
128 harmful prompts randomly sampled from a set of 256, as
used in Arditi et al. (2024). Normal model answers, without
steering, are also sampled the same number of times to ensure
consistent evaluation.

Evaluation and measures. A response is considered a
valid answer if it includes exactly one of the queried demo-
graphic groups. For each query, a success occurs if at least
one combination of direction and activation method yields
a valid answer; otherwise, it is a failure. We report the At-
tack Success Rate (ASR) as the average success rate across
all queries. Stability threshold. we require a minimum of
10 successful responses per subject and demographic group.
This threshold was consistently met across all models, with
no violations under any evaluated setting. Fairness Evalu-
ation. We measure fairness using the DPD, as detailed in
Section 4.2. We also compute the KL divergence for each cate-
gory, following similar trends to the DPD. Computation. All
experiments were run on an Intel(R) Xeon(R) CPU
and an NVIDIA L40S GPU, with runtime recorded in GPU
hours. Statistical significance. To assess demographic cate-
gory preferences for each model, we perform a Chi-Squared
test comparing the observed distribution to a baseline uniform
distribution and report the corresponding p-value.
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5.2 Experimental Results

Method L2-7B L2-13B G-7B Q-7B Q-14B
W/O 19.63 17.81 48.73 27.46 12.85
W (ours) 100 99.31 98.92 98.96 94.33

Table 2: ASR [%] of LLMs with and without refusal steering.

Silenced bias is suppressed, not eliminated. In Table 2,
example LLMs’ ASR over SBB is shown, with and without
refusal steering. Without refusal steering, LLMs frequently
refuse, with L2-13B, for example, refusing over 82% of the
time. However, when refusal steering is applied, clear stereo-
typical biases are output. For instance, Q-14B (Figure 5)
disproportionally selects overweight people as most likely to
be associated with most negative subjects. These outputs are
only possible due to refusal steering, with refusals chosen
otherwise. Moreover, as observed in Figure 3, these biases are
distinctly represented within the model’s latent space, even
when refusal steering is not applied and the model refuses.
These results indicate that although LLMs are silenced via
refusals, latent bias persists, and when refusal is suppressed,
it resurfaces.

Jailbreaks are not suited to reveal silenced bias. Next,
we demonstrate that jailbreak attacks do not reveal a model’s
existing, or silenced bias. Instead, these attacks, which aim
to extract hidden/implicit biases, introduce their own biases,
making them unsuitable for true bias discovery. We evaluate
this by analyzing the influence of a baseline universal attack
from Zou et al. (2023). This attack appends an adversarial
suffix to the end of each prompt before feeding it to the LLM,
to induce model compliance. Here, we utilize two runs of
the attack, trained on the same set. If the attack truly reveals
silenced bias, the corresponding behavior of the two runs
should be very similar across SBB demographic categories.
In Figure 6, we present the DPD scores over three example
LLMs, over sampled demographic categories. One can see
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Figure 6: DPD heatmaps of two jailbreak runs.

clear differences between the attack runs, indicating each
attack instance does induce biases, rather than reveal latent
ones. This further corroborates Jung et al. (2025), which ob-
serves similar trends of induced biases when utilizing prompt
manipulation techniques.

Refusal steering reveals silenced bias without introduc-
ing its own. Focusing on Table 2 again, refusal steering
successfully and consistently increases ASR, thus revealing
model preferences in SBB. For example, L2-7B’s ASR in-
creases from 19.63% to 100%, and Q-14B from 12.85% to
94.33%. Moreover, as demonstrated in Section 3.1, refusal
steering does not introduce its own biases. This indicates that
the resulting model preferences outputs after refusal steering
are the silenced biases we aim to evaluate.

Evaluating silenced bias on SBB. In Figure 5, we show-
case Q-14B’s body type preference heatmap on negative
subjects post refusal steering. Notably, the overweight group
is unfairly chosen in most subjects, a silenced bias visible
only after steering. In Figure 7, we supply the aggregated
DPD across models and types. Each cell represents a single
heatmap, such as Figure 5, with its DPD averaged across
rows. Silenced biases vary by model family, scale, and ver-
sion. First, by examining each family, we identify the most
equitable model according to DPD. For Llama, the most fair
model is the oldest and smallest, L2-7B, having low DPD
scores. In contrast, for the Qwen family, the most fair model
is the newer version Q2.5, but still the smallest one being
7B. In the Gemma family, there isn’t a clear winner, and
each size differs in its preferences. These results indicate that
there isn’t a clear relationship between model version or size,
and its fairness. We notice similar, but varying trends when
examining KL, with the leading models from each family
being L3-8B, G-7B, and Q2.5-7B. Comparing between the
families, each has at least one model that unfairly treats a
certain category, with some more than others. Consistent with
this, our Chi-Squared analyses revealed that all models show
statistically significant deviations from uniform distributions
(p < 0.05), reinforcing the conclusion that these biases are
systematic. Overall, there isn’t a clear family that is the most
fair across all demographic groups, with families having
different strengths and weaknesses in certain categories. In
simpler terms, while all tested model families deviate from
fair demographic treatment, the degree and type of bias vary.
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Figure 7: Heatmaps of DPD across subject types, comparing
models against demographic groups.

6 Discussion
In this paper, we investigate a critical and often overlooked
form of bias in LLMs, termed silenced bias, which is bias
suppressed by safety-alignment. While other types of known
bias resurface via prompt manipulation, silenced bias remains
completely masked until refusal is bypassed. Following this,
we propose SBB, a benchmark designed to elicit and evaluate
silenced bias. This is done via refusal activation steering,
prompt QA, and fairness evaluation of responses. We show
that silenced bias exists and that existing methods utilizing
prompt manipulation fail to uncover it. Moreover, we demon-
strate that refusal steering successfully reveals silenced bias,
without inducing biases of its own. Finally, we evaluate 10
safety-aligned LLMs from three major open-source fami-
lies, and claim there is no clear relationship between model
architecture, version, or size, and their fairness.

The findings of this paper suggest that safety-alignment in-
duced refusals for silenced biases do not outright remove
them. We uncover that these biases remain latent within
model activations and can be revealed quite easily. This is
important since these biases might affect normal day-to-day
interactions with the LLM. An LLM can potentially identify
a user’s demographic affiliation and start responding with
biased intent, without the user ever knowing.

To the best of our knowledge, this is the first study to
demonstrate that refusal behavior conceals bias, offering a
framework to audit silenced bias. By exposing this blind spot,
we open a new direction for fairness and bias evaluation, one
that accounts for alignment-induced silence. We encourage
the extension of SBB to more complex scenarios than QA.
The broader impact of this work lies in enabling better debi-
asing strategies, a deeper understanding of alignment’s limi-
tations, and a more complete view of model behavior. Future
work should focus on building tools that go beyond surface-
level outputs to uncover biased associations still present in the
model’s internals. It is equally important to better understand
alignment itself, which often makes models appear unbiased
while still preserving problematic stereotypes internally.
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