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Abstract

Preprocessing-based methods for stereotype
mitigation, such as pre-/post-training on debi-
ased corpora, are widely used in NLP. While
these approaches reduce measurable stereo-
types for targeted groups, we find they often
induce unintended shifts—side effects, where
stereotyping or counter-stereotyping can in-
crease relative to neutral baselines for other
demographics, including across unrelated de-
mographic categories. We demonstrate these
side effects across two model families (encoder-
only and decoder-only), multiple preprocessing
strategies (removing stereotypical sentences, re-
moving group mentions, and swapping group
references), and both pre- and post-training at
different data scales on Wikipedia. Standard
benchmarks frequently miss these shifts. Us-
ing attention-rollout analysis, we observe that
such side effects are not accompanied by large
changes in attention flow, complicating mecha-
nistic explanations. We discuss implications for
evaluation, provide actionable diagnostics, and
argue for side-effect-aware, transparent mitiga-
tion practices.

1 Introduction

Pre-trained language models (PLMs) encode and
propagate social stereotypes (Bolukbasi et al.,
2016; Caliskan et al., 2017; Zhao et al., 2019),
raising concerns about safe and responsible deploy-
ment. Among mitigation strategies, preprocessing-
based methods seek to modify training data, for
instance, by removing or altering stereotypical con-
tent, because they are simple to apply and impose
no inference-time cost (Gallegos et al., 2024). In-
tuitively, such interventions should hypothetically
prevent models from learning unwanted associa-
tions by isolating them from stereotypical patterns.
For consistency, we use the term stereotype to refer
to any unwanted social bias encoded by language
models from their training data, and mitigation or
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debiasing to refer to interventions aimed at reduc-

ing these encoded stereotypes.

Despite the intuitive appeal and partial effec-
tiveness of preprocessing-based methods, to date,
no PLM has achieved complete freedom from
stereotypes, raising questions about their true effi-
cacy. More importantly, it is unclear whether data-
level mitigation eliminates harmful associations or
merely redistributes them.

We revisit this question empirically by curating
debiased Wikipedia corpora targeting six demo-
graphic groups spanning three categories (gender,
race, religion). We use these corpora for both pre-
and post-training of two PLMs (encoder-only Tiny-
BERT (Jiao et al., 2020) and decoder-only GPT-2
(Radford et al., 2019)) and then measure changes in
stereotype expression toward all groups. We report
three findings:

1. Unintended shifts within and across cate-
gories. While stereotyping toward the group
targeted for debiasing decreases, we frequently
observe increased stereotyping or counter-
stereotyping for other groups (including across
bias categories). We define this phenomenon
as a side effect: a case where a mitigation
method decreases stereotype measures for the
target group but simultaneously induces unde-
sired changes for one or more non-target groups.
Notably, these shifts are often asymmetric and
hard to anticipate. We quantify trends on Stere-
oSet and CrowS-Pairs (Nadeem et al., 2021;
Nangia et al., 2020). These patterns cannot be
explained solely by changes in the distribution
of stereotypical/anti-stereotypical training ex-
amples.

2. Robustness across settings. Side effects ap-
pear under three preprocessing strategies (re-
moving stereotypical sentences, removing group
mentions, swapping references), during both
pre- and post-training, and across training
data scales, for encoder-only (TinyBERT) and
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decoder-only (GPT-2) models. A larger decoder-

only model exhibits the same qualitative phe-

nomenon on a single post-training slice.

3. Mechanism remains elusive. Attention-rollout
analysis (Abnar and Zuidema, 2020) shows
small attribution shifts even when stereotype
scores move, suggesting that attention routing
alone does not explain the effect and motivating
distributional and causal follow-ups.

Overall, our results highlight a reliability gap for
preprocessing-based mitigation: interventions that
help the target group can unpredictably harm oth-
ers. These unintended consequences persist across
diverse experimental conditions, including multi-
ple preprocessing strategies, reduced training data
scales, and different PLM architectures. In addi-
tion, standard evaluation benchmarks frequently
fail to surface these side effects, and they are largely
undetectable by inspecting models’ internal atten-
tion patterns. Taken together, this calls into ques-
tion the reliability and safety of data-level debias-
ing when used in isolation. We recommend report-
ing side-effect—aware diagnostics (see Sections 4—
5) and emphasize the urgent need for more robust,
interpretable, and controllable mitigation meth-
ods capable of reducing social biases in language
models. Our code for this paper has been publicly
released at https://github.com/InDaCS-Lab/
Stereotype-Mitigation-Side-Effects.

2 Background

Stereotype encoding and mitigation have been stud-
ied extensively in computational linguistics. Early
work such as Bolukbasi et al. (2016) demonstrated
gender bias in Word2Vec embeddings trained
on the Google News corpus. Shortly thereafter,
Caliskan et al. (2017) showed that GloVe embed-
dings likewise inherit human-like biases. Sim-
ilar studies demonstrated these biases extended
to contextualized models: Zhao et al. (2019)
quantified and mitigated gender bias in ELMo’s
contextual word vectors. As larger, less inter-
pretable Transformer-based models like BERT,
GPT-2, and RoBERTa became dominant, the com-
munity shifted toward using specialized stereotype
evaluation datasets, such as StereoSet (Nadeem
et al., 2021), WinoGender (Zhao et al., 2018), and
CrowS-Pairs (Nangia et al., 2020), to benchmark
bias in commonly-used language models. For in-
stance, Nadeem et al. (2021) empirically demon-
strated BERT and GPT-2 have stereotypical tenden-

cies, a finding validated by Nangia et al. (2020) for
BERT. With the rise of Large Language Models
(LLMs), prompt-based benchmarks such as Esiobu
et al. (2023), Dhamala et al. (2021), and Akyiirek
et al. (2022) have been employed to examine biases
in modern models.

The phenomenon of encoded stereotypes has
prompted the creation of targeted mitigation strate-
gies. As defined by Gallegos et al. (2024), these
mitigation approaches can be divided into 4 broad
categories.

Pre-Processing Mitigation involves changes to
the training data to prevent the model from learning
stereotypes. One common form of preprocessing-
based stereotype mitigation is data augmentation.
Lu et al. (2020) first formalized this approach to
mitigate gender bias by creating pairs of seman-
tically invariant sentences with flipped gendered
words (e.g., "he" to "she"). Ghanbarzadeh et al.
(2023) extended this approach by masking gen-
dered words and using a language model to predict
a replacement. Another form of preprocessing-
based stereotype mitigation approach is dataset
filtering, which focuses on identifying examples
to either emphasize or exclude. Garimella et al.
(2022) and Borchers et al. (2022) identify underrep-
resented or low-bias examples to focus on during
post-training. Raffel et al. (2020) uses a word list
to filter out biased examples, an approach refined
by Ngo et al. (2021) and Sattigeri et al. (2022) with
more advanced filtering techniques. Panda et al.
(2022) identifies demographic identifying words
and removes them prior to post-training. Notably,
data augmentation and data filtering can be com-
bined; Zayed et al. (2023) generates counterfactual
examples for data that contribute the most to fair-
ness and filters out other stereotypical examples.

In-Training Mitigation incorporates changes to
the training procedure or additional post-training
steps. For instance, Guo et al. (2022), Yang et al.
(2023), and Gaci et al. (2022) introduce new loss
functions to mitigate the biases the model poten-
tially learns. Gira et al. (2022) fine-tune a very
small subset of model parameters on the Wino-
Bias and CrowS-Pairs datasets. Ouyang et al.
(2022) employs a reinforcement learning-based
post-training approach with human feedback to
better align LLMs with human values.

Intra-Processing Mitigation entails modifica-
tions to the model’s inference behavior. Works
such as Ma et al. (2023) and Zhou et al. (2024)
identify biased model components (e.g., attention

10002


https://github.com/InDaCS-Lab/Stereotype-Mitigation-Side-Effects
https://github.com/InDaCS-Lab/Stereotype-Mitigation-Side-Effects

heads) and disable them at inference time. Tong
et al. (2024) uses smaller stereotypical and anti-
stereotypical expert models to re-balance next to-
ken probabilities toward anti-stereotypical tokens
and away from stereotypical ones. Similarly, Liu
et al. (2023) learns small, tunable bias vectors at
inference time to shift the model’s logits away from
toxic tokens. Finally, Saunders et al. (2022) em-
ploys beam search to find more diverse model out-
puts at inference time.

Post-Processing Mitigation encompasses mod-
ifications to the model’s output text generation.
Tokpo and Calders (2022) frames debiasing as a
style transfer problem, and uses LIME to identify
biased keywords to be replaced via style transfer
to a neutral domain. Dhingra et al. (2023) em-
ploy Shapley values to identify biased words in
model output and re-prompt the LLM to rephrase
the given sentence without those words.

Preprocessing-based methods offer several im-
portant advantages over other stereotype mitiga-
tion approaches. As described in Gallegos et al.
(2024), these approaches only modify the input of
the model during training. This allows debiasing of
models without introducing additional constraints
to the training process or requiring additional com-
pute at inference time. However, they also have
significant limitations. Many data augmentation
techniques swap terms using word lists, which can
be incomplete and change the semantic meaning
of a sentence. Gallegos et al. (2024) argues this
limitation is especially salient for words describing
social groups. Assuming the interchangeability of
social groups ignores the fact that stereotypes are
nuanced and specific to each group. Similarly, re-
moving or replacing identity words does not elim-
inate the harm within a stereotypical statement,
but only redirects it toward a potentially irrelevant

group.

Similar limitations apply to data filtering tech-
niques. Incomplete and misrepresentative word
lists can lead to the removal of minority voices
while leaving behind harmful documents. Such
techniques can also introduce distributional imbal-
ances into the training data, exacerbating bias.

Our work presents a comprehensive investiga-
tion into the limitations of these methods, while
also characterizing the side effects they introduce.

3 Experimental Settings

We investigate the encoded stereotypes of Tiny-
BERT (4-layer, 14M parameters) and GPT-2
(124M parameters) to examine potential side ef-
fects of preprocessing-based stereotype mitigation
methods. TinyBERT is an encoder-only trans-
former trained with a masked language modeling
(MLM) objective, whereas GPT-2 is a decoder-only
transformer trained with a causal language mod-
eling (CLM) objective. Using two architecturally
distinct yet compact PLMs provides diversity in the
models we study (strengthening the generalizability
of our findings) while keeping multiple rounds of
pre-/post-training and evaluation computationally
feasible.

All pre-/post-training uses the June 1, 2023 En-
glish Wikipedia snapshot, tokenized and filtered
to prose articles. For TinyBERT, this domain
matches the original training data used for the
released model. For evaluation, we employ the
intra-sentence portion of StereoSet and CrowS-
Pairs. In addition to reporting overall scores, we
report group-specific stereotype metrics for gender-
(female and male), race- (Black and Caucasian),
and religion- (Muslim and Christian) based demo-
graphic groups. This allows us to capture more
fine-grained effects of stereotype mitigation.

We consider three commonly used data-level in-
terventions. Note, we conduct each intervention
solely for one of the six demographic groups or
three demographic categories we consider (referred
to as the target group or target category respec-
tively). After completing an intervention, we mea-
sure stereotyping toward all demographic groups.
1. Debias-A-Group (DG): remove sentences

flagged as stereotypical toward the target group

using a pretrained sentence-level stereotype de-
tector.! On CrowS-Pairs, this detector attains

F1=0.98 (precision=0.98; recall=0.98).

2. Remove-A-Group (RG): remove all sentences
mentioning the target group, regardless of senti-
ment or potential stereotypes.

3. Swap-References (SR): replace all identity
mentions within the target category. For gen-
der stereotypes, we apply direct antonym swaps
(e.g., “female” <» “male”). For racial and reli-
gious stereotypes, where clear antonyms do not
exist, we define group mappings and generate
replacements using a constrained LLM prompt

1https://huggingface.co/wu981526092/
Sentence-Level-Stereotype-Detector
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that enforces grammaticality, number, and syn-
tactic role preservation. Three NLP experts an-
notated these samples, confirming that 96 out
of 100 instances were of satisfactory quality (re-
ceiving approval from at least two annotators).
We run the full grid of the three strategies X
two training stages (pre-/post-) x two data scales
(100% and 5%), yielding 12 settings. This setup
enables us to compare the effects of data scale and
training stage on the expression of stereotypes.
Models are implemented with HuggingFace.?
All runs use a single RTX 2080 Ti GPU, and the
random seed is set to 42.

Evaluation protocol. We report overall Stere-
oSet stereotype scores (SS; 50 is neutral; far-
ther from 50 indicates stronger stereotyping/anti-
stereotyping, which is undesirable), language mod-
eling score (LMS), and iCAT (which balances SS
and LMS), alongside demographic group-level SS.
For CrowS-Pairs we report per-demographic cate-
gory scores following the original work. Because
absolute SS is known to be sensitive to instance
composition, we emphasize directional changes rel-
ative to the corresponding base model in matched
conditions. Where applicable, we additionally an-
alyze attribution via attention-rollout (Abnar and
Zuidema, 2020).

4 Data Debiasing Reduces Stereotypes

We first evaluate the extent to which preprocessing-
based methods reduce stereotype scores for the
targeted groups. We evaluate the effects of three
preprocessing strategies (DG, RG, SR) under both
pre-training and post-training of TinyBERT and
GPT-2 on the full Wikipedia snapshot and report
StereoSet’s stereotype score (SS), language mod-
eling score (LMS), and iCAT together with per-
group SS, following Nadeem et al. (2021). We
also report CrowS-Pairs results for completeness
(Appendix A.2).

Pre-training. As shown in Fig. 1, SS for the
target group typically decreases relative to the
baseline models, moving toward 50 for both Tiny-
BERT and GPT-2, with some limited exceptions
(e.g., GPT-2 under SR-religion shows increased SS
for Muslims). Similar trends are observed in the
CrowS-Pairs benchmark (Appendix A.2). Aggre-
gating across groups, overall SS often decreases
while LMS remains comparable, yielding iCAT
that is similar to or higher than the base models.

Zhttps://huggingface.co

Post-training. Post-training generally yields
larger reductions in target-group SS than pre-
training (Fig. 2), again with broadly stable LMS,
yielding higher iCAT scores overall. Detailed Stere-
oSet and CrowS-Pairs results are provided in Ap-
pendices A.1.2 and A.2.2.

Data scale. Using 5% of Wikipedia, both pre-
training and post-training still consistently reduce
SS for targeted groups. These improvements occur
alongside stable or slightly enhanced LMS and
iCAT scores. These results are shown in Appendix
A.

Taken together, these results show that
preprocessing-based debiasing can reduce stereo-
type scores for targeted groups in a data-efficient
manner. However, as we show in the next section,
these improvements often coincide with unintended
side-effects in non-target groups.

5 Data Debiasing Incurs Side Effects

Alongside the targeted improvements documented
in Section 4, we observe side effects: stereotype
scores (SS) for non-target groups sometimes move
away from 50. These shifts vary by preprocessing
strategy and training stage (pre- vs. post-training),
and they can cross stereotype categories. We there-
fore emphasize directional changes relative to the
corresponding base model and highlight represen-
tative patterns below.

5.1 Stereotype Shifts Within Categories

For each category (gender, race, religion), we eval-
uate two demographic groups to enable within-
category comparisons. While debiasing a given
group often moves its SS toward 50, the other
group in the same category does not behave uni-
formly.

For example, pre-training TinyBERT on the
full Wikipedia corpus debiased for females (DG-
female) reduces the model’s stereotypes toward
males (green line in Figure 1a), whereas debiasing
for males (DG-male) increases stereotypes toward
females (red line in Figure 1a). Post-training shows
analogous behavior: post-training on DG-male in-
creases stereotypes toward females (red line in Fig-
ure 2a), and post-training on RG-female increases
stereotypes toward males (green line in Figure 2b).

Interestingly, these spillovers depend on the debi-
asing method, which complicates a simple distribu-
tional explanation. TinyBERT pre- and post-trained
on DG-male both show increased stereotypes to-
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Figure 1: StereoSet stereotype scores (SS; 50 is neutral, closer to 50 indicates less stereotyping/anti-stereotyping)
for models pre-trained on debiased Wikipedia under three preprocessing strategies. Dashed lines mark the original
model; Larger semi-transparent markers indicate the target group used for data cleaning. Full numeric results appear

in Appendix Tables A1-A3 and A7-A9.
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Figure 2: StereoSet stereotype (SS) for models post-trained on debiased Wikipedia. Full numeric results appear in

Appendix Tables A10-A12 and A16-A18.

ward females (Figures la and 2a), whereas mod-
els trained on RG-male exhibit inconsistent pat-
terns across pre- versus post-training (Figures 1b
and 2b).

Unintended effects also extend beyond directly
opposing groups. For instance, pre-training on RG-
Muslim increases stereotypes toward Christians
(Figure 1b), even though the two groups are not
strict opposites in the StereoSet framework.

Taken together, preprocessing-based debiasing
induces non-uniform and hard-to-predict shifts.
The observed changes are not readily explained

by altered data distributions and appear non-
systematic across groups and training regimes.
This raises a practical concern: removing stereo-
types documented in existing benchmarks may not
mitigate bias, but instead redirect it toward other
groups, including groups not represented in those
benchmarks.

5.2 Stereotype Variability Across Categories

Cross-category side effects are often more pro-
nounced than within-category shifts and can re-
verse across training stages. For instance, the
TinyBERT model pre-trained on the preprocessed
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Wikipedia corpus under RG-female setting shows a
consistent reduction in stereotype levels across all 6
groups evaluated in our study (Figure 1b), whereas
post-training on the same RG-female corpus in-
creases Christian SS (Figure 2b).

These cross-category side effects are not sym-
metric either. Comparing 2 TinyBERT models pre-
trained on the full Wikipedia corpus cleaned under
RG-female and RG-Christian settings, we observe
that the former displays elevated stereotype lev-
els toward Christians, whereas the latter actually
reduces stereotypes toward females (Figure 1b).
We observed similar trends when manually analyz-
ing the models’ word preferences before and after
stereotype-mitigation training. Figure 4 provides a
concrete example.

As shown in Figure 4, pre-training TinyBERT
on DG-cleaned data for the Caucasian group shifts
the model’s behavior from exhibiting mild stereo-
typical tendencies to predominantly generating
anti-stereotypical completions. For the sentence
“That man went to the store to buy [BLANK],” the
model prefers “food” over “alcohol,” countering
the stereotype that “men are heavy drinkers.” How-
ever, this effect is not symmetric. When TinyBERT
is instead pre-trained on DG-male data, it becomes
highly stereotypical when presented with the sen-
tence “Todd was white and [BLANK],” assigning a
much higher probability to “racist” than to neutral
alternatives such as “inclusive.”

These effects are accompanied by substantial
shifts in token-level probabilities, as shown in Fig-
ure 4. The lack of a consistent relationship be-
tween data interventions and behavioral outcomes,
together with the observed asymmetry, highlights
the unpredictability of stereotype-mitigation side
effects. This unpredictability complicates the as-
sessment of mitigation effectiveness and poses sig-
nificant challenges for the safe and reliable deploy-
ment of PLMs.

Even more notably, the stereotype that “men
are heavy drinkers.” does not appear in Stere-
oSet, the benchmark used to guide the debiasing
of the Wikipedia corpus. This raises additional
concerns about preprocessing-based debiasing ap-
proaches, as they may inadvertently introduce or
amplify stereotypes that are not covered by exist-
ing benchmarks. As a result, it becomes difficult
or impossible to fully assess the potential harms
introduced by such debiasing, given that the evalu-
ation framework lacks coverage of these emergent
or untracked biases.

These side effects happen to models trained us-
ing other preprocessing settings as well. For ex-
ample, the model pre-trained on DG-male shows
lower-than-usual stereotype levels toward Chris-
tians while pre-training the model on DG-Christian
leads to much higher stereotype levels toward
males (Figure 1a). This observation counters the
potential explanation that side effects are results of
the stereotype/anti-stereotype content distributions
being affected by text removal, since if stereotypi-
cal content toward males overlaps with stereotyp-
ical content toward Christians, DG for Christians
should also reduce the model’s stereotype levels
on the male group. Hence, these results cannot
be fully explained by changes in stereotype/anti-
stereotype content distributions alone, suggesting
that additional mechanisms may contribute to the
observed side effects. Importantly, such side ef-
fects can undermine the effectiveness and relia-
bility of preprocessing-based stereotype mitigation
approaches by introducing unintended shifts in non-
target groups.

The stereotype evaluation results of models pre-
or post-trained on the SR-cleaned corpora further
consolidate the randomness of such side effects.
Theoretically, switching the references to a pair of
groups would by no means affect the ratio of stereo-
typical contents toward other groups in a corpus.
Yet, we noted that the TinyBERT model pre-trained
on the SR-cleaned corpus for racial stereotypes (af-
fecting black people and Caucasian people) shows
a higher stereotype level toward Christians and a
higher anti-stereotype level toward males (Figure
Ic). Leveraging the same data, the model post-
trained on the SR-cleaned data for racial stereo-
types shows harsher stereotypes toward Muslims
while a lower stereotype level toward Christians
(Figure 2¢). Due to the existence of random side
effects with high frequency in our experiments, it
raises concerns about reliability the effectiveness
and robustness of preprocessing-based stereotype
mitigation approaches.

5.3 Model Agnosticity of Side Effects

The experimental results on GPT-2 demonstrate
that the side effects of preprocessing-based stereo-
type mitigation extend beyond small encoder-only
models trained with the MLM objective. As shown
in Figure 1d, pre-training GPT-2 on DG-female
data amplifies stereotypes toward males, whereas
DG-male consistently reduces SS for both gender
groups. Unexpectedly, both DG-male and DG-
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Figure 3: Curation process for the attention-rollout test
bench derived from StereoSet instances.

female increase stereotypes toward Muslims. Re-
moving female mentions entirely (RG-female) min-
imizes negative impacts on male-oriented stereo-
types but continues to strengthen Muslim-oriented
stereotypes (Figure le). Surprisingly, switching
male and female references (SR-Gender) mitigates
stereotypes across all 6 groups, resulting in overall
lower stereotype levels on StereoSet (Figure 1f).
Similar unpredictable and non-systematic stereo-
type shifts appear in other models, indicating that
stereotype expression is a confounding issue across
different types of LLMs. Although smaller in mag-
nitude, these side effects persist in GPT-2 post-
training experiments (Figures 2d—-2f).

These findings confirm that the unintended con-
sequences of preprocessing-based stereotype mit-
igation are not confined to small encoder models.
Rather, they may undermine the reliability of debi-
asing across a wide range of PLMs, highlighting
the need for more robust evaluation frameworks
and mitigation strategies that explicitly account for
cross-group side effects.

6 Side Effects Beyond Semantics

Removing content from LLM training corpora can
alter models’ semantic representations due to at-
tention allocation changes. To assess whether se-
mantic shifts might still contribute, we compute
attention rollout (Abnar and Zuidema, 2020) for
each model on StereoSet inputs and compare roll-
out values between stereotype-mitigated models
and their corresponding base models.

Attention rollout estimates how information
from original input tokens contributes to representa-
tions at a chosen layer. In contrast to raw, per-layer
attention, which shows only same-layer interac-
tions among already-mixed embeddings, rollout ag-
gregates heads, accounts for residual connections,

Target: Males Target: Caucasian

Todd was white and
[MASK] .

racist | notebook |inclusive

0.5707 |

The man went to the
store to buy [MASK].

handle food

| 0.3532 0.2082 oA3487|

[ 0.3ee

DG-Caucasian @ DG-male @ 0.0832
handle food notebook |inclusive

| 0.9064 | | 0.9585 l
——— T A
0.02480.0167

—
0.0875 0.0062

Figure 4: Example of cross-group stereotype shifts
induced by preprocessing-based mitigation.  Pre-
training TinyBERT on DG-Caucasian data leads to anti-
stereotypical behavior toward males (e.g., preferring
“food” over “alcohol”), while DG-male induces stronger
stereotypical behavior toward Caucasians (e.g., prefer-
ring “racist” over “inclusive”). These asymmetric shifts,
reflected in token-level probabilities, highlight the un-
predictability of side effects across groups.

and multiplies attention matrices across layers to
propagate the influence. The resulting joint map
provides a row-normalized distribution approxi-
mating relative influence along all attention paths.
In our setting, rollout identifies the input tokens
that most strongly affect internal representations
and enables direct, cross-model comparisons of at-
tribution patterns to reveal how debiasing affects
attention.

We use StereoSet data to ensure that all test
text directly concerns the minority groups under
study, avoiding dilution from unrelated content.
For data preparation, each StereoSet instance is
converted into 2 sentences (one stereotypical and
one anti-stereotypical), as illustrated in Figure 3.
For completeness, we compare each stereotype-
mitigated model with its base counterpart using
Pearson distance (PD), Spearman distance (SD),
Jensen—Shannon divergence (JSD), and the L2-
norm of attention shift (AS) on rollout distribu-
tions. Among these metrics, PD and SD capture
distributional correlation differences, AS quantifies
absolute changes in attention allocation, and JSD
measures divergence between normalized attention
distributions (Lu et al., 2021; Hu et al., 2023). Re-
sults are shown as heatmaps in Figure 5.

Overall, the attention rollout patterns remain
highly consistent between stereotype-mitigated
models and their base counterparts, with very low
maximum distances across all metrics (PD: 0.0061;
SD: 0.3029; JSD: 0.0925; AS: 0.2235). This consis-
tency holds at both the distribution level (PD, SD,
JSD) and the magnitude level (AS), and it is robust
across model sizes, from smaller architectures such
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Figure 5: Distances/divergences between attention-rollout distributions of stereotype-mitigated models and their
base counterparts, plus L2 norms of rollout shifts (darker indicates larger differences). All differences shown are

statistically significant (p < 0.001).

as TinyBERT to larger ones like GPT-2.

Finer-grained, group-specific analyses reach the
same conclusion, even for models that show pro-
nounced side effects on stereotype metrics. For
example, the TinyBERT model pre-trained under
the DG-male setting increases stereotype scores
for women and, more strongly, for Black peo-
ple (Figure 1la), yet rollout shifts remain small
(PD: 0.001279, SD: 0.162548, JSD: 0.050337, AS:
0.103921 for women; PD: 0.001300, SD: 0.157040,
JSD: 0.049205, AS: 0.101581 for Black people).
Similarly, GPT-2 pre-trained under the DG-female
setting lowers stereotype scores for Christians
and increases them for Muslims, while rollout
shifts remain comparably small (PD: 0.000020, SD:
0.001176, JSD: 0.004793, AS: 0.013177 for Chris-
tian; PD: 0.000020, SD: 0.001015, JSD: 0.004882,
AS: 0.012909 for Muslim).

Taken together, these results suggest that the ob-
served side effects of stereotype mitigation are not
well explained by changes in how models seman-
tically route information, as captured by attention
rollout. While we note that our representation-level
analysis only provides surface-level insights into
each model, it serves as a useful diagnostic probe
to demonstrate the unclear origin of the side effects
we observe.

Their underlying mechanism remains uncer-
tain, motivating methods that probe alternative
causal pathways and a reconsideration of stereo-
type benchmarking practices to ensure faithful,
side-effect-aware safety evaluation of LLMs. We
note that identifying the precise layers, cues, or
circuits responsible for stereotype redistribution is
beyond the scope of this work.

7 Discussion

We additionally test the robustness of our findings
across models of different training data sizes (Sec-
tion 7.1), and for massive LLMs (Section 7.2).

7.1 Data Size Agnosticity of Side Effects

According to our experimental results, the DG,
RG, and SR approaches using a tiny subset of
the Wikipedia corpus (5%) still lead to less bi-
ased models for the target groups (Appendix A).
This further highlights the sensitivity of models
to preprocessing-based stereotype mitigation ap-
proaches.

Alongside the benefits, the side effects of stereo-
type mitigation still exist and are unpredictable. For
example, stereotypes on the Caucasian group be-
come more pronounced when the TinyBERT model
is post-trained on the SR-cleaned data for gender
stereotypes (Table A6). Gender stereotypes toward
both groups get worse in the model post-trained
on the SR-cleaned data for racial stereotypes (Ta-
ble A15) while they are reduced in the pre-trained
model on the same data (Table A6).

From a finer-grained lens, a higher level of
stereotypes is observed toward male people when
all the content related to black people is removed
from the pre-training data of the TinyBERT model
(Table AS), despite the existence of many shared
stereotypes between the 2 groups in stereotype
benchmarks, e.g., being aggressive and athletic.
This does not occur when the same data is used
to post-train the original TinyBERT model (Table
A14), further suggesting that side effects are not
consistent across training stages. We similarly ob-
serve unexpected side effects from models trained
with DG-based stereotype mitigation. For example,
pre-training the TinyBERT model using the DG-
cleaned data for the female group leads to lower
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ategor aMa aMa2- -
Femaie §YS 70.72 66.30

Male SS 65.48 63.01
Black SS 64.14 65.43
Caucasian SS 67.70 65.12
Christian SS 69.75 71.03
Muslim SS 59.50 55.50
Overall SS 64.63 62.97
Overall LMS 90.74 89.71
Overall iCAT 64.19 66.44

Table 1: StereoSet results for LLaMA?2 and its variant
post-trained on the RG-cleaned Wikipedia corpus (fe-
male group). Underlining marks SS moving toward
50 (less stereotyping/anti-stereotyping); bold marks SS
moving away from 50. Targeted-group improvements
coincide with unintended shifts for non-targeted groups.

stereotype levels for all the groups except for males,
and pre-training on the DG-cleaned data for black
people raises the stereotype level of the model on
males and Christians (Table A4). Post-training
the TinyBERT model using the DG-cleaned data
for the female group, surprisingly, causes severer
stereotypes toward Christians and Muslims, 2 un-
correlated groups with the female group (Table
Al13).

These observations reinforce our claim that the
side effects of preprocessing-based stereotype miti-
gation can emerge across settings and are not con-
sistently predictable from the intervention alone.

7.2 Side Effects Persist in Massive Models

Since TinyBERT and GPT-2 are relatively small
models, we ask whether preprocessing-based debi-
asing methods remain effective in larger language
models, or whether the observed side effects persist
at scale. To investigate this, we conducted an addi-
tional experiment with LL.aMa-2-7B (LLaMa2), a
substantially larger transformer-based model than
GPT-2 (117M parameters) and TinyBERT (14.5M
parameters). Given the substantial computational
cost, we limited training to the RG-female setting
(LLaMa2-RG-F) and evaluated the model on Stere-
oSet (Table 1).

The results indicate that stereotypes remain
prevalent in massive models. In particular, female-
oriented stereotypes were strongest in the base
model (SS=70.72), motivating our focus on the
female group. Post-training on RG-female data re-
duced the stereotype score toward females to 66.30
and produced slight reductions for the male, Cau-
casian, and Muslim groups. However, the same
training unexpectedly increased stereotypes toward
the black and Christian groups, though these groups
are not directly related to the intervention.

These findings demonstrate that the side effects
of stereotype mitigation persist even in massive
LLMs. This underscores the need for continued,
systematic efforts to evaluate, interpret, and refine
stereotype mitigation strategies to ensure that scal-
ing up models does not simply shift or amplify
biases in unpredictable ways.

8 Conclusion & Future Work

Stereotype mitigation is central to the safe deploy-
ment of PLMs. Preprocessing-based approaches
are appealing because they remove stereotypical
content before it can be learned, yet our exper-
iments show that removing material targeting a
single group from pre- or post-training data can
induce unintended cross-group spillovers: stereo-
types toward other, sometimes unrelated, groups
may increase. These effects vary across categories,
corpora, and debiasing recipes and are difficult to
predict, which undermines the reliability of prepro-
cessing as a primary mitigation strategy. Although
preprocessing can improve targeted metrics, un-
monitored side effects can erode reliability; data
debiasing should therefore be treated as an inter-
vention whose side effects are monitored alongside
benefits. Future work includes (i) moving beyond
attention-based attribution toward causal and dis-
tributional analyses of how interventions reshape
co-occurrences and inductive biases, and (ii) ex-
panding evaluation beyond StereoSet/CrowS-Pairs
to additional identity axes and languages.

Ethics Statement

We examine the side effects of data-level debias-
ing without releasing any post-trained models. We
report only aggregate statistics to reduce risk. We
curated corpora from the June 1, 2023, English
Wikipedia snapshot and evaluated them on publicly
released benchmarks (StereoSet; CrowS-Pairs). We
used constrained LLM prompts for swapping refer-
ences and removed generations containing slurs or
identity-targeted insults. Because debiasing can re-
distribute harm, we recommend documenting both
targeted and non-targeted groups in model cards
and auditing side effects before deployment.

Regarding the use of generative Al (GenAl)
tools, we acknowledge the use of these tools for
assistance in improving the clarity and readability
of the manuscript text. The use of these tools was
limited to language refinement; no GenAl models
were used for ideation, experimental design, or any
other substantive aspects of the research.
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Limitations

We focus on the English Wikipedia and six identity
groups. The effects may differ for other identities,
domains, and languages. Most experiments use
compact models (TinyBERT, GPT-2) for control
and tractability, and we include only a single post-
training slice for a larger decoder-only model. We
leave broader coverage to future work. We fix the
random seed to 42 for reproducibility and do not
report multi-seed uncertainty for SS/CrowS-Pairs,
so claims are calibrated to directional trends rather
than significance tests. Finally, our DG detector,
although high-recall, may include false positives,
and SR swaps may introduce subtle distributional
artifacts, despite manual spot checks.

We acknowledge these as important directions
for future work and encourage follow-up studies to
build on our findings with broader model coverage
and more diverse representation.
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A Stereotype Evaluation Results

This section details the stereotype evaluation results
of all the models in our experiments.

A.1 StereoSet
A.1.1 Pre-trained Models

Tables A1-A3 present the StereoSet evaluation re-
sults for TinyBERT models pre-trained on the full
Wikipedia corpus debiased under the DG, RG, and
SR settings, respectively. Results for TinyBERT
models pre-trained on a subset of the corpus (5%)
are shown in Tables A4—-A6.

Similarly, the StereoSet evaluation results for
GPT-2 models pre-trained on the full preprocessed
corpus are reported in Tables A7-A9. Since GPT-
2 training failed to converge on the 5% subset of
Wikipedia, we omit results for that setting.

A.1.2 Post-trained Models

Tables A10-A12 report the StereoSet evaluation
results for TinyBERT models post-trained on the
fully preprocessed Wikipedia corpus, while Tables
A13-A15 show results for models post-trained on
the 5% subset. For GPT-2, StereoSet evaluation re-
sults on the fully preprocessed corpus are presented
in Tables A16-A18, and results on the 5% subset
are provided in Tables A19-A21.

A.2 CrowS-Pairs
A.2.1 Pre-trained Models

We show the CrowS-Pairs evaluation results of
TinyBERT models pre-trained on the full prepro-
cessed Wikipedia corpus (Tables A22 - A24) and
on 5% preprocessed data (Tables A25 - A27) Like-
wise, Tables A28-A30 present the CrowS-Pairs
evaluation results for GPT-2 models pre-trained on
the fully preprocessed Wikipedia corpus. Since
GPT-2 pre-training did not converge on the 5%
subset, we omit CrowS-Pairs evaluation for those
models.

A.2.2 Post-trained Models

Tables A31-A33 present the CrowS-Pairs stereo-
type evaluation results for TinyBERT models post-
trained on the full preprocessed Wikipedia corpus,
while Tables A34—A36 show the corresponding re-
sults for TinyBERT models trained on a 5% subset
of the same corpus. For GPT-2 models, the eval-
uation results following post-training on the full
preprocessed Wikipedia corpus are reported in Ta-
bles A37—-A39, and those for models post-trained

on the subsampled data are displayed in Tables A40
- A42.
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Stereotype Category Female Male Black Caucasian Christian  Muslim | Original
gender-female SS 4996 51.89 52.63 51.56 53.00 52.02 51.53
gender-male SS 50.59 49.59 49.14 48.97 49.67 51.76 51.80
race-black SS 53.64 35651 5144 52.23 51.17 53.07 53.17
race-caucasian SS 55.28 53.62 35337 53.07 55.65 56.05 53.43
religion-christian SS 57.72  60.19 51.63 56.48 57.72 56.48 60.19
religion-muslim SS 60.92 60.79 62.16 62.19 61.43 61.14 64.28
Overall SS 5463 5432 3410 54.17 54.94 54.33 54.69
Overall LMS 77.39  78.83 78.68 78.91 78.41 77.83 78.69
Overall iCAT Score 70.22 72.02 72.24 72.33 70.66 70.30 71.31

Table Al: StereoSet evaluation results of TinyBERT models pre-trained on DG-cleaned data for each group. SS,
LMS, and iCAT score indicate stereotype score, language modeling score, and idealized context association test
score, respectively. Group-specific SS in the debiased models that are closer to or farther away from 50 than in the
original model are underlined and bolded, respectively. Original refers to the original release of TinyBERT model
without stereotype mitigation.

tereotype Categor emale ale ac aucasian ristian uslim | Original
genaer}emale Sé 47778 5046 353.70 51.32 48.55 52.56 51.53
gender-male SS 51.14 45.87 4848 49.27 50.71 52.34 51.80
race-black SS 4945 5429 3023 51.88 53.63 53.00 53.17
race-caucasian SS 3282 5265 34.01 3299 55.68 54.85 53.43
religion-christian SS 56.57 5895 57.67 57.67 48.10 61.42 60.19
religion-muslim SS 5942 60.56 62.97 61.22 64.34 57.06 64.28
Overall SS 3378 3332 3416 3447 54.88 54.62 54.69
Overall LMS 76.67 77.04 78.15 77.39 77.36 78.24 78.69
Overall iCAT Score 70.88 71.93 71.64 70.48 69.81 71.01 71.31

Table A2: StereoSet evaluation results of TinyBERT models pre-trained on RG-cleaned data for each group.

Categor Gender Race Religion|Original
Femaie gS 49.60 50.75 53 %7 51.53

Male SS 4939 30.71 51.62 51.80
Black SS 5448 49.67 55.24 53.17
Caucasian SS 55.84 52.46 53.53 | 53.43
Christian SS 57.76 58.86 50.53 60.19
Muslim SS 64.35 56.52 38.15 64.28
Overall SS 55.08 53.89 3481 54.69
Overall LMS 76.60 77.59 79.01 78.69
Overall iCAT 68.82 71.55 7141 71.31

Table A3: StereoSet evaluation results of TinyBERT models pre-trained on SR-cleaned data for each stereotype
category.

Stereotype Category Female Male Black Caucasian Muslim Christian | Original

gender-female SS 4925 48770 5I1.14 48.38 50.24 48.94 51.73
gender-male SS 50.15 51776 4943 51.88 51.83 52.16 48.10
race-black SS 3039 3093 30.15 50.83 49908 46.11 55.31
race-caucasian SS 35062 3203 3277 50.11 31.90 30.36 53.84

religion-muslim SS 5587 5677 356.11 51.46 52.65 53.31 59.78
religion-christian SS 5538 5414 757.67 57.72 55.25 50.37 56.57

Overall SS 5236 ST94 5223 5176 5219 5165 52.89
Overall LMS 6460 6451 6624 6481 6517 6201 63.14
Overall iCAT Score 6155 61090 6323  62.53 6233 50.96 50.50

Table A4: StereoSet evaluation results of TinyBERT models pre-trained on 5% DG-cleaned data for each group.

10014



Stereotype Category Female Male Black Caucasian Muslim Christian | Original
gender-female SS 4141 49.77 51.00 48.11 48.50 49.74 51.73
gender-male SS 5397 4725 4939 50.48 50.72 50.89 48.10
race-black SS 46.63 49.51 4792 46.21 50.78 50.43 55.31
race-caucasian SS 5151 50.19 53.00 49.37 51.63 52.37 53.84

religion-muslim SS 53543 35775 3446 39.33 46.83 5823 59.78
religion-christian SS 5291 5291 358.86 49.12 58.99 45.77 56.57

Overall SS 5124 5120 5240 5103 5157 5304 52.89
Overall LMS 6312 6301 6631 6642 6515 6335 63.14
Overall iCAT Score 61.55 62.38 63.12 65.05 63.10 59.50 59.50

Table A5: StereoSet evaluation results of TinyBERT models pre-trained on 5% RG-cleaned data for each group.

Category Gender Race Religion][Original
Female SS 46.55 48.82 50.24 | 51.73

Male SS 50.54 47.53 4875 | 48.10
Black SS 4877 46.80 48386 | 55.31

Caucasian SS 32.06 48.67 30.75 | 53.84
Christian SS  56.53 538.95 48.10 | 56.57
Muslim SS 56.03 55.46 3641 59.78
Overall SS 51.39 5096 351.82 52.89
Overall LMS 64.17 65.60 63.58 | 63.14
Overall iCAT 62.39 64.34 61.27 | 59.50

Table A6: StereoSet evaluation results of TinyBERT models pre-trained on 5% SR-cleaned data for each stereotype
category.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender-female SS 5575 5552 55.18 54.99 56.29 56.11 56.27
gender-male SS 5779 3438 35379 56.31 57.12 57.64 56.97
race-black SS 55.08 5275 35329 55.14 54.55 52.34 55.59

race-caucasian SS 5432 3357 3322 53.35 34.04 52.57 54.14
religion-christian SS ~ 53.09  58.02 60.36 57.94 57.94 61.55 60.27

religion-muslim SS 57.64 356.28 54.85 54.96 57.39 55.44 55.99
Overall SS 5521 54.80 3459 54.95 55.29 5440 55.64
Overall LMS 82.25 8274 83.52 82.88 83.13 83.07 83.32
Overall iCAT Score  73.69  74.79 75.85 74.68 74.34 75.75 73.93

Table A7: StereoSet evaluation results of GTP-2 models pre-trained on full DG-cleaned Wikipedia data for each
group.

ategory Type emale ale ac aucasian ristian uslim | Original
gender-female SS 49.67 54.62 5561 56.34 55.46 5474 56.27
gender-male SS 5695 5253 56.10 57.68 57.52 58.55 56.97
race-black SS 5450 34.60 3232 53.41 54.82 55.37 55.59
race-caucasian SS 5458 5295 354.09 53.16 53.27 53.93 54.14
religion-christian SS  54.28 33.13 57.94 61.55 54.32 56.75 60.27
religion-muslim SS 5733 3517 35328 54.18 57.83 53.93 55.99
Overall SS 5431 3436 35.20 55.02 55.38 55.24 55.64
Overall LMS 80.81 80.25 83.32 82.94 82.91 82.91 83.32
Overall iCAT Score  73.84 7325 74.66 74.61 73.99 74.23 73.93

Table A8: StereoSet evaluation results of GPT-2 models pre-trained on full RG-cleaned Wikipedia data for each
group.
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Category !}ipe Gender Race Reli%ion Original
gender-female . ; } 56;.27
gender-male SS 5542 5756 57.74 56.97
race-black SS 5539 5333 54.61 55.59
race-caucasian SS 53.91 53.38 3314 54.14
religion-christian SS  59.13  60.27 55.51 60.27
religion-muslim SS 5561 56.37 59.18 55.99
Overall SS 5466 55.03 55.14 55.64

Overall LMS 8147 8297 8355 83.32
Overall iCAT Score 73.87 74.63 7495 73.93

Table A9: StereoSet evaluation results of GPT-2 models pre-trained on full SR-cleaned Wikipedia data.

Stereotype Category Female Male Black Caucasian Christian Muslim | Original
gender-female SS 50.19 53.82 52.13 52.94 51.60 51.04 53.08
gender-male SS 51.34 48.78 51.88 51.20 52.98 5241 51.48
race-black SS 5445 5212 5274 52.37 53.67 51.75 54.66
race-caucasian SS 5413 5336 5417 52.96 52.83 55.20 54.17
religion-christian SS 58.86 5406 51.68 52.87 54.01 54.06 56.53
religion-muslim SS 6148 59.89 60.28 59.94 57.87 57.30 61.00
Overall SS 5434 5408 54.57 54.19 54.25 54.39 55.13
Overall LMS 78.68  79.25 79.77 80.29 80.03 79.35 79.98
Overall iCAT Score ~ 71.84 7278 72.49 73.56 73.23 72.37 71.77

Table A10: StereoSet evaluation results of TinyBERT models post-trained on DG-cleaned data for each group.

Stereotype Category Female Male Black Caucasian Christian  Muslim | Original
gender-female SS 4973 53.10 50.47 50.31 52.87 51.04 53.08
gender-male SS 51.98 47.50 50.27 50.26 48.58 5241 51.48
race-black SS 5452 5427 51.13 51.74 54.38 51.75 54.66
race-caucasian SS 5385 3421 5413 52.90 54.54 55.20 54.17
religion-christian SS 60.10 51.63 354.06 63.71 46.96 54.06 56.53
religion-muslim SS 60.79 59.81 61.67 60.44 61.60 57.30 61.00
Overall SS 5438 53.88 54.38 53.70 54.65 54.39 55.13
Overall LMS 78.73  79.14 80.24 79.73 79.66 79.35 79.98
Overall iCAT Score 71.84 73.01 73.22 73.83 72.26 72.37 71.77

Table A11: StereoSet evaluation results of TinyBERT models post-trained on RG-cleaned data for each group.

Categor Gender Race Religion|Original
Femaie SS 50.09 52770 351.87 53.08

Male SS 49.13 4576 51.32 | 51.48
Black SS 5356 49.85 54.13 | 54.66

Caucasian SS 3342 5195 35426 | 54.17
Christian SS 55.29 5397 51.68 56.53
Muslim SS 6099 62.46 58.23 61.00

OverallSS 5367 53.71 5435 | 55.13
Overall LMS 7060 79.00 80.11 | 79.98
Overall iCAT 7375 74.06 73.14 | 71.77

Table A12: StereoSet evaluation results of TinyBERT models post-trained on SR-cleaned data.

Stereotype Category Female Male Black Caucasian Christian Muslim | Original
gender-female SS 5279 52770 53.52 53.53 53.58 53.00 52.93
gender-male SS 52.07 4948 5242 48.37 51.22 54.58 51.73
race-black SS 5195 51.10 52.85 50.56 5274 51.45 56.12
race-caucasian SS 56.16 355.82 356.18 54.74 54.61 55.74 54.95
religion-christian SS 57.67 58.86 60.05 58.91 56.48 56.48 58.82
religion-muslim SS 60.02 57.06 58.66 60.96 57.15 60.07 60.09
Overall SS 5493 5471 5482 54.48 54.52 55.05 54.90
Overall LMS 79.60  79.72 79.70 79.85 79.35 79.36 80.22
Overall iCAT Score ~ 71.75 7221 72.02 72.69 72.17 71.34 72.36

Table A13: StereoSet evaluation results of TinyBERT models post-trained on 5% DG-cleaned data for each group.
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Stereotype Category Female Male Black Caucasian Christian Muslim | Original
gender-female SS 52.67 53.10 53.94 53.03 52.20 54.42 52.93
gender-male SS 4952 48.15 5193 53.67 54.29 51.49 51.73
race-black SS 5194 5454 5249 53.08 54.23 51.44 56.12
race-caucasian SS 5535 35591 35533 54.57 55.84 5512 54.95
religion-christian SS 61.24 5648 61.33 55.29 51.76 58.91 58.82
religion-muslim SS 5737 5947 56.54 58.14 62.17 49.78 60.09
Overall SS 5392 5462 5534 54.87 55.55 5472 54.90
Overall LMS 78.46 7894 79.71 79.01 79.35 79.61 80.22
Overall iCAT Score 7231  71.64 71.19 71.31 70.54 72.09 72.36

Table A14: StereoSet evaluation results for TinyBERT models post-trained on 5% RG-cleaned data for each group.

Category Gender Race Religion]|Original
Female SS 52.38 54.04 5234 | 5293
Male SS 51.17 53.50 53.86 | 51.73
Black SS 5313 48.72 53.78 | 56.12
Caucasian SS  56.24 5440 356.43 | 54.95
Christian SS ~ 57.67 60.05 55.46 | 58.82
Muslim SS 59.64 57.59 57.86 | 60.09

Overall SS 54777 54358 3535.65 54.90
Overall LMS 78.81 79.27 79.49 80.22
Overall iCAT 71.29 71.99 70.50 | 72.36

Table A15: StereoSet evaluation results of TinyBERT models post-trained on 5% SR-cleaned data for each
stereotype category.

Stereotype Category Female Male Black Caucasian Christian Muslim [ Original
gender-female SS 60.86 61.89 61.36 61.44 61.36 61.08 61.08
gender-male SS 63.23 63.18 63.76 63.17 63.44 63.49 63.21
race-black SS 55,50 35547 54.94 54.07 55.50 55.22 55.21
race-caucasian SS 58.13 57.97 57.74 57.09 57.94 57.95 57.37
religion-christian SS 60.32 60.32 60.32 61.51 60.32 60.32 60.32
religion-muslim SS 65.04 6439 62.77 62.34 65.04 64.32 65.04
Overall SS 59.60 59.86 59.56 59.23 59.72 59.62 59.61
Overall LMS 90.31  90.37 90.39 90.52 90.44 90.34 90.39
Overall iCAT Score 7298 7254 73.11 73.82 72.86 72.96 73.02

Table A16: StereoSet evaluation results of GTP-2 models post-trained on full DG-cleaned Wikipedia corpus for
each group.

Stereotype Category Female Male Black Caucasian Christian Muslim | Original
genaer}emale Sé 60.61 61.88 61.21 61.21 61.15 60.79 61.08
gender-male SS 6536 6291 62.90 63.17 62.89 63.71 63.21
race-black SS 5521 5547 3336 53.29 5489 55.50 55.21
race-caucasian SS 58.03 57.98 357.00 56.92 57.55 57.77 57.37
religion-christian SS 60.32 60.32 6151 61.46 60.27 60.32 60.32
religion-muslim SS 63.68 6375 61.44 61.44 65.04 64.32 65.04
Overall SS 3991 3985 39.10 39.08 59.64 39.60 59.61
Overall LMS 90.32 90.34 90.55 90.56 90.55 90.41 90.39
Overall iCAT Score 7241 7254 74.08 74.10 73.10 73.04 73.02

Table A17: StereoSet evaluation results of GPT-2 models post-trained on full RG-cleaned Wikipedia corpus for
each group.

Stereotype Categor Gender Race Religion | Original
genaer}emale S§ 58.26 60.64 61 %6 61.08

gender-male SS 6266 6344 6291 | 6321
race-black SS 53359 5442 5548 55.21
race-caucasian SS 5758 36.70 58.11 57.37

religion-christian SS 62.70 63.89 61.51 60.32
religion-muslim SS 60.72  63.10 6148 65.04
Overall SS 5884 5929 5946 59.61
Overall LMS 89.97 9045  90.30 90.39
Overall iCAT Score 74.07  73.65 73.22 73.02

Table A18: StereoSet evaluation results of GPT-2 models post-trained on full SR-cleaned Wikipedia corpus.
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Stereotype Category Female Male Black Caucasian Christian Muslim | Original
gender-female SS 61.56  62.37 62.05 62.56 61.31 62.77 62.09
gender-male SS 62.78 61.99 60.17 64.81 61.93 64.02 62.41
race-black SS 5497 56.74 54.16 53.35 56.26 55.61 54.94
race-caucasian SS 56.34 5645 5691 56.52 57.58 57.40 57.11
religion-christian SS 65.17 61.51 66.31 65.12 63.89 63.93 65.08
religion-muslim SS 61.83 6246 63.85 66.12 60.99 61.92 62.68
Overall SS 59.49 59.84 59.40 59.73 60.01 60.13 59.58
Overall LMS 89.91 89.78 89.92 89.91 89.70 89.87 89.69
Overall iCAT Score 72.84 7211 73.01 72.42 71.73 71.65 72.50

Table A19: StereoSet evaluation results of GPT-2 models post-trained on 5% DG-cleaned Wikipedia data for each
group.

Stereotype Category Female Male Black Caucasian Christian Muslim | Original
gender-female SS 61.82  62.82 61.58 62.80 62.34 62.83 62.09
gender-male SS 64.07 61.87 63.60 63.25 63.26 63.10 62.41
race-black SS 56.74 5696 54.71 55.23 55.85 55.76 54.94
race-caucasian SS 56.74  58.00 56.33 56.54 57.62 58.15 57.11
religion-christian SS 63.89  62.70 63.93 62.65 63.93 62.74 65.08
religion-muslim SS 63.75  62.66 66.19 66.09 62.39 61.34 62.68
Overall SS 60.18  60.01 59.81 60.15 59.53 60.33 59.58
Overall LMS 89.41 89.72 90.10 89.86 89.75 89.43 89.69
Overall iCAT Score 7120 7176 7242 71.61 72.64 70.96 72.50

Table A20: StereoSet evaluation results of GPT-2 models post-trained on 5% RG-cleaned Wikipedia data for each
group.

Category Gender Race Religion | Origin
Female SS 60.01  62.87  62.03 62.09
Male SS 60.09 6432  62.62 62.41
Black SS 5190 54.14  54.06 54.94
Caucasian SS 56.10 56.33  56.06 57.11
Christian SS 66.31 61.51  62.74 65.08
Muslim SS 60.54 6333  62.09 62.68
Overall SS 58.61 5942  59.51 59.58
Overall LMS 88.17  90.09  89.87 89.69
Overall iCAT Score 7299  73.11 72.717 72.50

Table A21: StereoSet evaluation results of GPT-2 models post-trained on 5% SR-cleaned Wikipedia data for each
stereotype category.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender 51.53  53.82 5344 51.53 55.34 52.29 51.15
race 61.55 61.75 59.03 58.83 60.78 61.75 65.24
religion 60.95 60.00 61.90 62.86 62.86 62.86 46.67
overall score 58.01 58.52 58.12 57.74 59.66 58.97 54.35

Table A22: CrowS-Pairs evaluation results of TinyBERT models pre-trained on the full DG-cleaned Wikipedia data.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender 5458 51.53 5458 48.85 50.76 54.58 51.15
race 51.07 60.19 57.09 64.27 62.91 59.03 65.24
religion 69.52 6095 74.29 66.67 63.81 47.62 46.67
overall score 58.39 57.56 61.99 59.93 59.16 53.74 54.35

Table A23: CrowS-Pairs evaluation results of TinyBERT models pre-trained on the full RG-cleaned Wikipedia data.

10018



ategory Type ender ace eligion | Original
gender 4427  52.29 51.53 51.15
race 57.09 49.13 51.46 65.24
religion 63.81 55.24 62.86 46.67
overall score 55.06 52.22 55.28 54.35

Table A24: CrowS-Pairs evaluation results of TinyBERT models pre-trained on the full SR-cleaned Wikipedia data.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender 5458 51.15 44.27 49.62 58.02 51.53 51.15
race 58.06 62.33 67.77 61.75 62.33 58.64 65.24
religion 6095 53.33 60.00 60.00 57.14 56.19 46.67
overall score 57.86 55.60 57.35 57.12 59.16 55.45 54.35

Table A25: CrowS-Pairs evaluation results of TinyBERT models pre-trained on the 5% DG-cleaned Wikipedia data.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender 53.05 5191 53.05 4771 53.05 52.67 51.15
race 60.78 59.42 64.85 64.47 64.66 62.52 65.24
religion 55.24 5048 71.43 54.29 45.71 38.10 46.67
overall score 56.36 5394 63.11 55.49 54.47 51.10 54.35

Table A26: CrowS-Pairs evaluation results of TinyBERT models pre-trained on the 5% RG-cleaned Wikipedia data.

Category Type Gender Race Religion | Original
gender 46.18 51.15 51.91 51.15
race 61.94 48.35 57.86 65.24
religion 5143  56.19  69.52 46.67
overall score 53.18 51.90 59.76 54.35

Table A27: CrowS-Pairs evaluation results of TinyBERT models pre-trained on the 5% SR-cleaned Wikipedia data.

ategor e emale ale ac
gender . . .
race 57.36 59.88  56.78
religion 4476 43.81 45.71
overall score 53.65 55.11 54.44

aucasian

58.33
41.9
54.58

ristian usiim Urlglnal
56.2 56.98 58.53
4571 38.1 4381
54.05 53.65 5431

Table A28: CrowS-Pairs evaluation results of GPT-2 models pre-trained on the full DG-cleaned Wikipedia data.

race
religion
overall score

Black Caucasian Christian Muslim

Category Type Female Male
gender

5775 6124 562 57.75 59.5 56.78 58.53
4381 39.05 44.76 43.81 68.57 36.19 43.81
5279 5285 53.65 54.64 56.96 5338 5431

Table A29: CrowS-Pairs evaluation results of GPT-2 models pre-trained on the full RG-cleaned Wikipedia data.

Category Type Gender Race Religion | Original
gender 4046 53.05 51.53 51.15
race 57.17  60.66 5891 58.53
religion 4762 47.62  53.33 43.81
overall score 51.53  55.77 55.44 54.31

Table A30: CrowS-Pairs evaluation results of GPT-2 models pre-trained on the full SR-cleaned Wikipedia data.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender 5T.15 5496 50.38 45.04 53.82 51.53 51.15
race 5243 5146 52.23 58.83 54.76 57.67 65.24
religion 64.76 6476 64.76 63.81 60.95 57.14 46.67
overall score 56.11 57.06 55.79 55.89 56.51 55.45 54.35

Table A31: CrowS-Pairs evaluation results of TinyBERT models post-trained on the full DG-cleaned Wikipedia

data.
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Category Type Female Male Black Caucasian Christian Muslim | Original
gender 53.82  53.44 50.38 45.42 52.29 54.58 51.15
race 55.15 6155 56.50 63.69 59.22 61.36 65.24
religion 6476  62.86 76.19 60.95 59.05 50.48 46.67
overall score 5791 59.28 61.02 56.69 56.85 55.47 54.35

Table A32: CrowS-Pairs evaluation results of TinyBERT models post-trained on the full RG-cleaned Wikipedia

data.
Category Type Gender Race Religion | Original
gender 43.89 50.00 52.67 5T1.15
race 50.29 5146  55.15 65.24
religion 59.05 6476  63.81 46.67
overall score 51.08 55.41 57.21 54.35

Table A33: CrowS-Pairs evaluation results of TinyBERT models post-trained on the full SR-cleaned Wikipedia data.

Category Type Female Male Black Caucasian Christian Muslim | Original
gender 5534 5534 5382 53.82 53.44 53.44 51.15
race 56.31 50.29 58.64 53.40 54.76 55.15 65.24
religion 63.81 65.71 68.57 63.81 62.86 59.05 46.67
overall score 58.49 57.11 60.34 57.01 57.02 55.88 54.35

Table A34: CrowS-Pairs evaluation results of TinyBERT models post-trained on the 5% DG-cleaned Wikipedia

data.
Category Type Female Male Black Caucasian Christian Muslim | Original
gender 58.02 5458 56.49 46.95 51.91 55.34 51.15
race 58.83 58.64 54.76 56.50 57.67 55.53 65.24
religion 64.76  68.57 74.29 69.52 65.71 51.43 46.67
overall score 60.54 60.60 61.85 57.66 58.43 54.10 54.35

Table A35: CrowS-Pairs evaluation results of TinyBERT models post-trained on the 5% RG-cleaned Wikipedia

data.
Category Type Gender Race Religion | Original
gender 42775 55773 56.11 51.15
race 58.64 4544 5495 65.24
religion 62.86  60.95 66.67 46.67
overall score 54775 54.04  59.24 54.35

Table A36: CrowS-Pairs evaluation results of TinyBERT models post-trained on the 5% SR-cleaned Wikipedia data.

ategor e emale
gender 7
race 58.14
religion 57.14
overall score 58.69

ale ac
. 7

57.75 58.14
57.14 57.14

57.29 58.75

aucasian ristian uslim
. T .
58.53 58.14 57.95
56.19 57.14 57.14
58.82 58.69 58.69

Tﬁlﬁ—r'gma

58.14
57.14
58.69

Table A37: CrowS-Pairs evaluation results of GPT-2 models post-trained on the full DG-cleaned Wikipedia data.

Category Type Female Male Black Caucasian Christian  Muslim | Original
gender 57.63 53.44 5992 59.92 59.54 59.16 59.16
race 5795 58.14 58.53 58.33 59.88 58.14 58.14
religion 57.14  57.14 56.19 56.19 56.19 56.19 57.14
overall score 58.09 5749 58.82 58.69 59.22 58.75 58.69

Table A38: CrowS-Pairs evaluation results of GPT-2 models post-trained on the full RG-cleaned Wikipedia data.

Category Type Gender Race Religion | Original
gender 5573 57.63  59.16 59.16
race 59.88 59.3 58.14 58.14
religion 5524 57.14  57.14 57.14
overall score 58.16  58.82 58.75 58.69

Table A39: CrowS-Pairs evaluation results of GPT-2 models post-trained on the full SR-cleaned Wikipedia data.
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ategor e emale ale ac aucasian ristian uslim | Original
gender . 7. .87 . . . 55;.31
race 59.50 67.05 61.05 63.57 63.37 62.60 62.02
religion 54.29 55.24 56.19 55.24 59.05 53.33 56.19
overall score 58.09 61.87 59.02 59.95 60.48 59.28 59.28

Table A40: CrowS-Pairs evaluation results of GPT-2 models post-trained on the 5% DG-cleaned Wikipedia data.

ategor e emale ale ac aucasian ristian uslim | Original
gender . 7. .67 . . . 55;.31
race 60.27 65.89 60.66 62.21 62.79 61.05 62.02
religion 56.19 56.19 57.14 55.24 59.05 54.29 56.19
overall score 5756 6141 58.16 59.02 60.08 58.62 59.28

Table A41: CrowS-Pairs evaluation results of GPT-2 models post-trained on the 5% RG-cleaned Wikipedia data.

ategor
gender
race-color
religion
overall score

[ enaer
62.60
53.33
5822

ace

63.57
56.19
59.08

elgion rigina
61.24 62.02
55.24 56.19
58.36 59.28

Table A42: CrowS-Pairs evaluation results of GPT-2 models post-trained on the 5% SR-cleaned Wikipedia data.
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