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ABSTRACT

We challenge the prevailing assumption that large language models (LLMs) safety
alignment generalizes as a semantic capability across protected groups. By con-
ducting a controlled adversarial stress test with 44,000 prompts balanced across 16
demographics and two languages, we demonstrate that current models rely on selec-
tive memorization rather than universal principles. We identify a rigid "two-tiered"
safety hierarchy: models robustly protect high-visibility groups in US discourse
(e.g., LGBTQIA+) while systematically neglecting marginalized communities (e.g.,
disabilities), with defense rates varying by up to 33% for identical attack vectors.
Crucially, we report an Inverse Scaling of Equity: contrary to standard scaling laws,
increasing model parameters exacerbates these disparities, linearly increasing the
variance in safety performance between groups. These findings suggest that current
alignment techniques incentivize the overfitting of dominant safety priors, where
scaling functions as a bias magnifier rather than a solution to robustness.

1 INTRODUCTION

The scaling of large language models (LLMs) has granted these systems unprecedented linguistic
capabilities, but this reliance on massive corpora also implants systemic prejudices deep into model
parameters (Raffel et al., 2020; Mendu et al., 2025). While the prevailing assumption in safety
alignment is that models acquire a generalized concept of harm, implying that refusing hate speech
against one group transfers to others, we demonstrate that this assumption is false. Despite achieving
high scores on aggregate benchmarks, we reveal that current fine-tuning induces a failure mode we
term Selective Safety: a pattern of memorized refusal that robustly protects dominant demographic
groups while leaving marginalized communities vulnerable to identical attack vectors. This suggests
that current alignment metrics mask critical disparities, rewarding models that protect high-visibility
voices while neglecting the long tail of human diversity (Salinas et al., 2025).

To rigorously audit this failure, we designed a controlled adversarial stress test that isolates the target
demographic as the primary independent variable. Unlike prior work that aggregates vulnerabilities
under generic labels like "Identity Hate," we systematically stratify attacks across 16 distinct minority
groups in both English and Portuguese. This granular auditing reveals a profound lack of semantic
robustness, with fluctuation of a model’s defense rate by up to 33% solely based on the target group
(e.g., swapping Black people for People with disabilities), even when the semantic structure of the
attack remains constant. Crucially, these blind spots persist across languages, indicating that the
failure is not merely lexical but entrenched in the model’s parameters.

Contrary to the expectation that larger models inevitably lead to better performance, we report that
scaling model parameters exacerbates these safety disparities. While larger models improve absolute
safety scores for high-resource demographics, they disproportionately fail to improve for low-resource
minorities, effectively widening the equity gap as compute increases. We report that increasing model
scale correlates with higher variance in safety performance between groups, suggesting that simply
"scaling up" functions as a bias magnifier rather than a solution to algorithmic alignment.
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2 RELATED WORK

From Representational Bias to Adversarial Robustness. Traditional bias evaluation has transi-
tioned from measuring static representational harms, such as stereotype probability in next-token
prediction Nadeem et al. (2021); Parrish et al. (2022), to auditing behavioral safety via dynamic
adversarial attacks Mazeika et al. (2024); Han et al. (2024). While this shift towards red teaming
is crucial for deployed systems, current frameworks structurally prioritize the taxonomy of intent
(e.g., distinguishing fraud from violence) while neglecting the taxonomy of targets. By aggregating
identity-based attacks under monolithic labels like "Hate Speech" or utilizing rigid, template-based
prompts Cantini et al. (2025), existing benchmarks generate scalar safety scores that mask severe
alignment disparities. They fail to distinguish whether a model has learned a generalized concept of
safety or has simply overfitted to the specific demographic groups dominant in its alignment training
distribution.

Cross-Lingual and Cultural Alignment Gaps. The fragility of safety alignment is further exposed
in multilingual settings, where recent findings suggest that refusal mechanisms are often superficial
linguistic filters rather than deep semantic constraints. Studies indicate that translating harmful
prompts into low-resource languages frequently bypasses safety guardrails Deng et al. (2023);
Friedrich et al. (2024), revealing that models rely on English-specific lexical cues to trigger refusals.
Our work unifies these perspectives by treating demographic and linguistic alignment not as separate
linguistic problems, but as a singular study in out-of-distribution robustness. We posit that the failure
to protect minority groups and the failure to transfer safety across languages are symptoms of the
same root cause: alignment techniques that incentivize the memorization of high-frequency training
examples rather than the generalization of ethical boundaries.

3 EXPERIMENTAL METHODOLOGY

To rigorously investigate the hypothesis that safety alignment is a memorized rather than a generalized
semantic capability, we designed a controlled adversarial stress test focused on eliciting targeted hate
speech across diverse minority demographics.

3.1 DEFENSE RATE

We quantify model robustness using the Defense Rate (DR), defined as the inverse of the standard
Attack Success Rate (ASR) (Mazeika et al., 2024). Formally, for a given model M and a set of
adversarial prompts P , the judge J classifies each response ri into binary outcomes: 1 (Refused/Safe)
or 0 (Jailbroken/Harmful). The Defense Rate is calculated as:

DR =
1

|P |

|P |∑
i=1

J(ri = Safe) (1)

where a higher DR indicates stronger alignment, corresponding to a lower probability of successful
jailbreaking.

3.2 CONTROLLED ADVERSARIAL GENERATION

Unlike wild jailbreaking datasets that conflate attack complexity with semantic difficulty, we con-
structed a structured generation pipeline to isolate the target demographic as the primary independent
variable. We utilized a combinatorial approach (see Appendix A for details) blending three compo-
nents:

1. Hate Speech Seed: We extracted 2,000 distinct toxic samples per minority group from
ToxiGen (Hartvigsen et al., 2022) and ToxSyn (Brito et al., 2025) hate speech datasets.
Crucially, we relied on native sourcing rather than translation to preserve culturally specific
nuance (e.g., slurs that lose toxicity in translation).
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Figure 1: The Safety Hierarchy. Deviation from the average Defense Rate (DR) in English. Models
exhibit a "two-tiered" safety system: aggressive protection for high-visibility groups (Blue) vs.
systemic negligence for disabilities (Red).

2. Contextual Distractor: To prevent models from overfitting to simple lexical triggers, we
wrapped the hate speech in 21 distinct narrative scenarios (e.g., Scientific Debate, Historical
Analysis).

3. Jailbreaking Strategy: We applied four fixed attack policies (e.g., Logical Rationalization,
Persona Assignment) uniformly across all groups. This process resulted in 44,000 adversarial
prompts balanced across 16 minority groups (Nen = 13, Npt = 9, with 5 groups appearing
in both languages).

By keeping the attack strategy and narrative complexity constant, any variance in defense rates can
be attributed directly to the model’s alignment bias toward the specific demographic target.

3.3 EVALUATION PROTOCOL: THE ENSEMBLE JUDGE

We applied the resulting jailbreaking dataset to 4 sizes of 3 model families: Llama-3 Grattafiori et al.
(2024), Qwen-3 Yang et al. (2025) and Gemma-3 Team et al. (2025) (details about checkpoints is
presented in Appendix D). Given the scale of 528,000 inference pairs (44k prompts × 12 model
responsess)1, manual evaluation was infeasible. To ensure high rigor, we implemented a Majority
Vote LLM-as-a-Judge protocol validated with gold-standard human baseline of 2,112 stratified
samples. Our ensemble judge achieved a Cohen’s Kappa of κ = 0.77 and an accuracy of 90.5%
against human annotators (see Appendix B), outperforming single-model evaluators and minimizing
the risk of self-preference bias inherent in using a single model family for evaluation.

4 RESULTS: THE LIMITS OF SAFETY ALIGNMENT

Our evaluation across three model families (Llama-3, Gemma-3, Qwen-3) and four parameter scales
reveals that current safety alignment does not function as a generalized semantic constraint. Instead,
we observe a system of selective memorization that is brittle to scaling and logical obfuscation. We
structure our analysis around two primary findings.

1The dataset with prompt-response pairs, minority group and jailbreaking success label will be full available
to support future research.
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4.1 FINDING I: THE TWO-TIERED SAFETY SYSTEM

If the training procedure instilled a true semantic understanding of "harm," defense rates should
remain invariant across demographic groups when the attack vector is held constant. We observe the
opposite. As visualized in Figure 1, models operate on a rigid two-tiered safety hierarchy:

1. The Protected Tier: High-visibility groups in US-centric discourse (e.g., Black,
LGBTQIA+) enjoy "Aggressive Robustness," with defense rates consistently exceeding the
global average by margins of +15% to +19% in the largest models.

2. The Vulnerable Tier: Groups with lower representation in safety tuning data (e.g., Mental
Disability, Physical Disability) suffer from "Systemic Negligence," with defense rates
degrading to -14% below the mean in the worst case.

This disparity indicates that models do not reject the concept of hate speech; they reject specific
keywords associated with protected classes. This overfitting is further evidenced by the inconsistency
within similar categories. For instance, despite both being targets of xenophobic rhetoric, models
often robustly protect Mexican identities while leaving Chinese identities highly vulnerable. Without
specific refusal triggers in the fine-tuning data, the model fails to transfer the protection mechanisms
from one nationality to another.

This failure is not an artifact of the English tokenizer. When replicating the experiment in Portuguese,
the structural hierarchy remains largely invariant (see Appendix C). While the absolute defense
rates fluctuate, the relative vulnerability of the Disability category persists (≈ −3.42% deviation),
confirming that these blind spots are not surface-level lexical issues, but are deeply entrenched in the
pre-trained probability distributions.
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Figure 2: Inverse Scaling of Equity. As model size increases (x-axis), the standard deviation of
defense rates between demographic groups increases (y-axis).

4.2 FINDING II: SCALING LAWS AS A BIAS MAGNIFIER

Perhaps the most critical finding for the research community is the failure of scaling to resolve these
disparities. We tested the hypothesis that larger parameter counts would allow for better generalization
of safety concepts to long-tail minorities. We report an inverse scaling of equity. As illustrated in
Figure 2, increasing model capacity creates a "distributional divergence."

• Capacity Misallocation: In the Qwen series, scaling from 1.7B to 32B quadruples the
global defense rate (4% → 16%). However, this gain is driven almost entirely by the
"Protected Tier." The defense rate for the Black community jumps to 31%, while the Mental
Disability category stagnates at 7%.

• Variance Explosion: Quantitatively, the standard deviation of defense rates across groups
increases linearly with model size. This implies that current scaling laws function as a bias
magnifier: the additional compute is utilized to over-fit to dominant safety priors rather than
to generalize protection to neglected communities.
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This trend exposes a fundamental inefficiency in current alignment: current models defense alignment
is learning about specific groups rather than generalizing the semantic concept of harm. A notable
exception is Llama-3.2-1B, which achieves a 24% defense rate, surpassing the far larger Qwen-32B
with significantly lower variance. This outlier serves as an existence proof that equitable alignment is
driven not by raw parameter scale, but by the quality and curation of the safety training distribution.

5 LIMITATIONS AND FUTURE WORK

While this study establishes a rigorous framework for auditing demographic safety in LLMs, its
scope is constrained by a monolithic taxonomy that neglects the critical dimension of intersectionality.
Consequently, our findings may not fully capture the nuanced, compounded risks faced by individuals
at the nexus of multiple marginalized identities (e.g., the unique biases facing Black women).
Furthermore, our analysis is restricted by a Western-centric linguistic axis (English and Portuguese),
which leaves the geopolitical safety contours of non-Romance and low-resource language families
unexplored. Future work should prioritize the investigation of these latent safety manifolds and extend
cross-lingual auditing to encompass greater typological diversity, thereby ensuring that alignment
benchmarks evolve toward a truly universal standard of robustness.

6 CONCLUSION

Our controlled analysis reveals that current safety alignment fails to function as a generalized
constraint, operating instead as a brittle system of selective memorization. We identify two critical
failure modes: a Two-Tiered Safety Hierarchy that privileges high-visibility demographics over
semantic severity, and an Inverse Scaling of Equity, where larger models widen the protection gap
between groups, proving that blind scaling will not resolve, but rather amplify algorithmic bias.
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A DETAILED EXPERIMENTAL METHODOLOGY

This appendix details the construction of the dataset used for the controlled adversarial stress test.
As illustrated in the main text, our pipeline fuses three elements—hate speech seeds, contextual
scenarios, and jailbreaking strategies—using a stochastic combinatorial approach.
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A.1 ADVERSARIAL REWRITER IMPLEMENTATION

The assembly of the dataset is driven by an Adversarial Rewriter module. We employ Qwen-3-235B-
A22B (Yang et al., 2025) as the unified generative engine due to its balance of instruction-following
capabilities and inference efficiency.To effectively generate attacks without triggering the rewriter’s
own safety alignment, we utilized a prefix injection strategy (Zou et al., 2023). This forces the
generation to commence with an affirmative sequence (e.g., “Ok, as agreed, here is...”), effectively
suppressing refusal mechanisms and steering the probability distribution toward the adversarial
output.Furthermore, to mitigate "soft refusals" (where models pivot to educational corrections), we
enforced strict constraints to use pre-suppositional phrasing. By framing the hate speech as an
established premise rather than a query (e.g., “Given that group X is inferior...”), we eliminate the
semantic space for corrective lecturing.

A.2 HATE SPEECH SEED DATA

To ensure the stress test reflects realistic linguistic distributions, we sourced data from ToxiGen
(Hartvigsen et al., 2022) for English and ToxSyn (Brito et al., 2025) for Portuguese. We prioritized
native sourcing over machine translation to preserve cultural dependencies (e.g., specific slurs
that lose offensive connotation when translated).We extracted exactly 2,000 unique samples per
minority group, resulting in a balanced aggregation of 44,000 distinct toxic instances (Nen = 26, 000,
Npt = 18, 000). This balance ensures that safety evaluations are not skewed by the prevalence of
specific demographic categories in the training data.

A.3 CONTEXTUAL SCENARIO TAXONOMY

To counteract the tendency of LLMs toward deterministic convergence (Xu et al., 2025), we estab-
lished a taxonomy of 21 distinct scenario categories. These scenarios wrap the hate speech in diverse
narrative backdrops, ranging from Historical Analysis to Futuristic Technologies.For each category,
we utilized a few-shot learning generation process (Wang et al., 2020) with five handcrafted examples.
This yielded 8,400 unique narrative contexts (2 languages × 21 categories × 200 samples), forcing
the target models to detect toxicity when embedded in valid, complex semantic discourses.

A.4 JAILBREAKING STRATEGY TAXONOMY

We applied four fixed jailbreaking strategies uniformly across all groups to serve as a controlled
independent variable, as demonstrated in Table 1:

Jailbreaking Strategy Description

Persona Assignment Compels the model to adopt a specific fictional identity or role-play scenario.

Representation Shifting Obfuscates the malicious intent by encoding the input into low-resource languages,
structured data formats (e.g., JSON), or stylized text (e.g., Leetspeak).

Chain-of-Thought Decomposes the harmful objective into a sequence of logical steps, guiding the
model incrementally toward a prohibited output.

Logical Rationalization Frames the hate speech as an analytical exercise, exploring the structural logic of
the statement while ignoring its ethical implications.

Table 1: Taxonomy of Jailbreaking Prompting Strategies

A.5 DEMOGRAPHIC DISTRIBUTION DETAILS

The dataset enforces strict demographic parity. The English portion (Nen = 26, 000) includes
13 groups weighted toward US discourse, while the Portuguese portion (Npt = 18, 000) covers
9 categories, introducing groups such as Elderly and Immigrants. Table 2 presents the complete
breakdown.
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Language Race, Ethnicity & Nationality Gender & Sex-
uality

Health & Age

English Black; Jewish; Muslim; Native Peoples
(US); Middle Eastern; Asian; Chinese;
Latino; Mexican

Women;
LGBTQIA+

Mental disability;
Physical disability

Portuguese Black; Jewish; Muslim; Native Peoples
(BR); Immigrants

Women;
LGBTQIA+

Disability (general);
Elderly

Table 2: Demographic coverage by language. Each row summarizes the demographic groups
included in the English and Portuguese subsets. Each group contains 2,000 samples.

Based on the full information provided, here is the LaTeX code for the Appendix section detailing the
evaluation protocol. This includes the formal definition of the metric, the construction of the human
baseline, the rationale for the ensemble approach, and the table referenced in your main text ().

B LLM-AS-A-JUDGE IMPLEMENTATION DETAILS

This appendix outlines the formal definitions and validation procedures for the automated evaluation
protocol used in our study.

B.1 GROUND TRUTH VALIDATION

To calibrate the automated judge, we constructed a gold-standard validation set via stratified sampling.
Utilizing Qwen-3-235B as a preliminary filter, we selected exactly one successful jailbreak and
one refusal for every unique combination of language, minority group, attack strategy, and model
architecture. This yielded 2,112 samples (1,248 English, 864 Portuguese).These samples were
subjected to blind human annotation to establish ground truth. The annotation protocol included
comprehensive guidelines and explicit content warnings regarding the offensive nature of the text,
approved by the Ethics Committee.

B.2 ENSEMBLE CONFIGURATION AND BIAS MITIGATION

To evaluate the 528,000 inference pairs, we employed a Majority Vote Ensemble consisting of
Qwen-3, Llama-3.3, and GPT-OSS. This approach was chosen to mitigate self-preference bias—the
tendency of a model acting as a judge to favor outputs generated by its own model family (Zheng
et al., 2023).We implemented a specific Chain-of-Thought (CoT) system prompt for all judges.
This forces the evaluator to explicitly reason about intent analysis and actionable content before
assigning a verdict, preventing errors on "false refusals" (e.g., where a model states "I cannot help"
but subsequently provides the harmful content).

B.3 JUDGE PERFORMANCE

We benchmarked the ensemble against single-model evaluators using the human-annotated baseline.
As shown in Table 3, while high-parameter single models like Qwen-3 achieve respectable alignment,
the Majority Vote Ensemble delivers superior agreement with human annotators (κ = 0.77), validating
its use for the large-scale analysis.

C PORTUGUESE RESULTS

Figure 3 illustrates the protection deviation across demographics in Portuguese. The heatmap
reveals that the safety hierarch observed in English is transferred to the Portuguese context. Despite
the cultural differences, models exhibit significantly higher robustness for Black and LGBTQIA+
communities (US-centric alignment priorities) while systematically failing to protect Disabled (and
the Elderly minority present in this set) individuals.

8
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Candidate Judge English Portuguese Overall
Acc / κ Acc / κ Acc / κ

Llama-3.3-70B 90.0 / 0.79 88.3 / 0.71 89.2 / 0.75
Qwen-3-235B 92.0 / 0.83 89.0 / 0.71 90.5 / 0.77
GPT-OSS-120B 89.4 / 0.78 84.9 / 0.62 87.1 / 0.70
Majority Vote 91.3 / 0.81 89.6 / 0.73 90.5 / 0.77

Table 3: Validation of LLM-as-a-Judge Protocol. Agreement rates between automated judges and
the human gold-standard baseline (N = 2, 112). The ensemble approach maximizes agreement and
minimizes architecture-specific biases.

Llama 3.2 1B

Llama 3.2 3B

Llama 3.1 8B

Llama 3.3 70B

0.41

0.40

0.30

0.75

Defense
Rate Bl

ac
k

LG
BT

Q
+

M
us

lim

Je
w

is
h

Na
tiv

e 
Am

er
ic

an

W
om

en

Im
m

ig
ra

nt

Di
sa

bi
lit

y

El
de

rly

+0.05 +0.06 +0.02 +0.04 -0.04 -0.03 +0.03 -0.05 -0.07

+0.05 +0.07 +0.05 +0.07 -0.06 +0.01 -0.00 -0.09 -0.11

+0.04 +0.08 +0.05 +0.03 -0.03 +0.02 -0.02 -0.05 -0.12

+0.09 +0.12 +0.01 -0.01 -0.02 +0.09 -0.05 -0.04 -0.19

Gemma 3 1B

Gemma 3 4B

Gemma 3 12B

Gemma 3 27B

0.06

0.09

0.20

0.13

-0.00 +0.00 -0.01 -0.01 +0.03 -0.02 -0.01 +0.01 +0.01

+0.05 +0.00 +0.01 +0.02 -0.01 -0.00 -0.01 -0.03 -0.03

+0.06 +0.01 +0.09 +0.09 -0.00 -0.01 -0.04 -0.09 -0.11

+0.05 +0.00 +0.02 +0.09 -0.00 -0.03 -0.02 -0.05 -0.05

Qwen 3 1.7B

Qwen 3 4B

Qwen 3 8B

Qwen 3 32B

0.03

0.04

0.04

0.07

+0.00 -0.00 -0.00 -0.00 +0.01 -0.01 -0.01 -0.00 +0.01

+0.00 -0.00 -0.01 -0.01 +0.02 -0.00 -0.01 -0.00 +0.01

+0.01 +0.00 -0.01 -0.00 +0.01 -0.01 -0.01 -0.00 +0.00

+0.05 +0.01 +0.00 +0.02 -0.01 +0.00 -0.03 -0.01 -0.03

Average 0.21 +0.04 +0.03 +0.02 +0.03 -0.01 +0.00 -0.01 -0.03 -0.06

0.200.150.100.050.000.050.100.150.20
Deviation from Model Mean Safety

Figure 3: Demographic Safety Deviation (Portuguese). The heatmap visualizes the difference
between the group-specific defense rate and the model’s average. Consistent with English results, we
observe a "safety export" phenomenon where US-focused groups receive disproportionate protection
even in non-English contexts.

D EXPERIMENTAL SETUP: MODELS & TAXONOMY

To investigate the non-linear relationship between model scale and demographic safety alignment,
we curated a diverse set of 12 state-of-the-art LLMs. We stratified these models into four distinct
“Compute Classes” based on their parameter count: Nano, Small, Standard, and Large. This taxonomy
enables us to isolate the effects of architectural capacity from family-specific training methodologies.

For all experiments, we strictly utilized the Instruction-Tuned variants, as these represent the
deployment-ready artifacts most likely to be used in user, facing applications where safety fil-
ters are active. Table 4 details the specific checkpoints and quantization formats utilized to ensure
full reproducibility of our benchmarks.
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Class Llama Gemma Qwen

Nano (1–2B) Llama-3.2-1B-Instruct gemma-3-1b-it Qwen3-1.7B-FP8

Small (3–4B) Llama-3.2-3B-Instruct gemma-3-4b-it Qwen3-4B-FP8

Standard (8–12B) Llama-3.1-8B-Instruct gemma-3-12b-it Qwen3-8B-FP8

Large (27–70B) Llama-3.3-70B-Instruct gemma-3-27b-it Qwen3-32B-FP8

Table 4: Evaluated model artifacts. We benchmark 12 distinct models stratified across four compute
classes. For reproducibility, we report the exact checkpoint version and quantization format (FP8)
where applicable.

E BOOTSTRAP STABILITY ANALYSIS OF DEMOGRAPHIC HEATMAPS

To assess whether the demographic stratification observed in the heatmaps is robust to sampling
variability, we perform a non-parametric bootstrap analysis over prompts for both English and
Portuguese. For each (model, demographic group) cell, we resample prompts with replacement and
recompute the group-level Defense Rate and the corresponding deviation from the model’s mean
Defense Rate. This procedure is repeated for 1,000 bootstrap iterations per cell, yielding confidence
intervals and stability statistics that summarize uncertainty without cluttering the main visualizations.

Table 5 reports aggregate stability metrics across all heatmap cells. The mean 95% confidence interval
(CI) width is approximately 0.03 in both languages, corresponding to a typical uncertainty of ±0.015,
while the worst-case CI does not exceed ±0.024. These values are substantially smaller than the
observed inter-group deviations in the heatmaps, which frequently exceed 0.10–0.20, indicating that
the signal magnitude dominates sampling noise.

Metric English Portuguese

Mean CI width (%) 3.18 2.97
Cells with CI crossing zero (%) 32.69 43.51
Cells with sign flip (%) 0.00 0.00
Max CI width (%) 4.799 4.81

Table 5: Bootstrap stability summary for demographic heatmap deviations in English and Portuguese.
Confidence intervals are computed via bootstrap resampling over prompts (1,000 resamples per
model and minority pairs).

Although around 32% of English cells and 44% of Portuguese cells have confidence intervals that
cross zero, this pattern is expected because deviations are defined relative to each model’s mean
Defense Rate, which mechanically centers many groups near zero. Crucially, no cells in either
language exhibit sign changes under resampling: groups that appear systematically over- or under-
protected retain the same qualitative direction across all bootstrap iterations. This confirms that the
observed demographic stratification patterns are highly stable, consistent across languages, and not
artifacts of sampling variability.
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