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Abstract

Large language models (LLMs) are increas-
ingly integrated into our daily lives, raising
significant ethical concerns, especially about
perpetuating stereotypes. While group-specific
debiasing methods have made progress, they
often fail to address multiple biases simulta-
neously. In contrast, group-agnostic debiasing
has the potential to mitigate a variety of bi-
ases at once, but remains underexplored. In
this work, we investigate the role of neutral
words—the group-agnostic component—in en-
hancing the group-agnostic debiasing process.
We first reveal that neutral words are essen-
tial for preserving semantic modeling, and we
propose ϵ-DPCE, a method that incorporates a
neutral word semantics-based loss function to
effectively alleviate the deterioration of the Lan-
guage Modeling Score (LMS) during the debi-
asing process. Furthermore, by introducing the
SCM-Projection method, we demonstrate that
SCM-based debiasing eliminates stereotypes
by indirectly disrupting the association between
attribute and neutral words in the Stereotype
Content Model (SCM) space. Our experiments
show that neutral words, which often embed
multi-group stereotypical objects, play a key
role in contributing to the group-agnostic na-
ture of SCM-based debiasing.

1 Introduction

From BERT to GPT and DeepSeek (Devlin et al.,
2019; Achiam et al., 2023; Liu et al., 2024), large
language models (LLMs) have become increas-
ingly intelligent and cost-effective, seamlessly inte-
grating into daily life. However, their widespread
use has also intensified ethical concerns, partic-
ularly regarding interactions between LLMs and
users. As LLMs expand the application scenarios
of language models, the risk of amplifying and
propagating stereotypes by their responses grows.

†Corresponding author.

To address this issue, numerous studies have fo-
cused on bias and stereotypes in language models
(Gallegos et al., 2024; Doan et al., 2024).

Stereotypes can be regarded as over-generalized
beliefs about a particular group of people, e.g.,
Asian Americans are good at math, or African
Americans are athletic (Nadeem et al., 2021). Nega-
tive stereotypes can lead to biased attitudes towards
specific groups, resulting in unfair treatment of in-
dividuals within those groups. Since text is a sig-
nificant medium for expressing human stereotypes,
LLMs pre-trained on extensive corpora—lacking
thorough processing—may also learn and perpetu-
ate these negative stereotypes. For language mod-
els, stereotypes exist in the form of spurious cor-
relations, such as associations between “man” and
“programmer”, “woman” and “homemaker”, due to
their high co-occurrence (Bolukbasi et al., 2016).
In existing word embedding debiasing practices
(Kaneko and Bollegala, 2021; Yang et al., 2023;
Omrani et al., 2023), stereotypes are embodied as
the association between attribute words and neutral
words (More details in Section 2.1).

Most current research on debiasing language
models focuses on group-specific methods, which
require the use of attribute words to define specific
groups. However, identifying appropriate attribute
words for all demographic groups is both cum-
bersome and challenging, making comprehensive
debiasing difficult. While various group-specific
debiasing techniques have been extensively stud-
ied—including Counterfactual Data Augmentation
(CDA; Zmigrod et al. 2019), Dropout (Webster
et al., 2020), Self-Debias (Schick et al., 2021)),
and word embedding debiasing methods (Kaneko
and Bollegala, 2021)—experiments by Meade et al.
(2022) demonstrated that these methods can only
mitigate a single type of bias, such as gender
bias, and are ineffective at addressing multiple
biases simultaneously, such as those related to
both gender and race.
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The limitations of group-specific debiasing meth-
ods have spurred interest in exploring group-
agnostic approaches. For instance, building upon
the group-specific DPCE (Kaneko and Bollegala,
2021) framework, Omrani et al. (2023) proposed
SCM-based debiasing, which eliminates group-
agnostic stereotypes by incorporating the Stereo-
type Content Model (SCM) (Fiske et al., 2002).
Compared with DPCE, which removes stereotypes
by orthogonalizing the word embeddings of at-
tribute words and neutral words, SCM-based de-
biasing achieves group-agnostic stereotype elimi-
nation by severing the connection between SCM-
related and neutral words. Despite their consis-
tent presence from group-specific DPCE to group-
agnostic SCM-based debiasing, neutral words have
yet to be thoroughly explored. What role do neu-
tral words play in these debiasing processes? If
they do influence these processes, how exactly
do they affect debiasing, particularly for SCM-
based debiasing?

To address the questions raised above, this work
investigates the role of neutral words in group-
agnostic debiasing of language models. We find
that neutral words are indispensable and play a cru-
cial role in both preserving potential semantic mod-
eling and enhancing the debiasing performance to
be group-agnostic. For the first role, we observe
that DPCE (Kaneko and Bollegala, 2021) leads to
a deterioration in the Language Modeling Score
(LMS), a metric from StereoSet (Nadeem et al.,
2021) that evaluates the overall language modeling
capability of a language model. We attribute this
issue to DPCE’s failure to preserve potential se-
mantic modeling beyond attribute words. Notably,
we find that incorporating a loss function related to
neutral word semantics can significantly mitigate
the LMS deterioration problem.

For the second role, to better understand how
neutral words function in SCM-based debiasing to
eliminate group-agnostic stereotypes, we propose
the Neutral-Attribute-SCM (NAS) framework and
the SCM-Projection method. These tools help clar-
ify the underlying mechanisms of SCM-based de-
biasing. Our findings confirm that SCM-based de-
biasing indirectly disrupts the association between
attribute words and neutral words by reposition-
ing neutral words within the SCM space. Finally,
through experiments based on group-specific se-
lection, we reveal that neutral words often include
stereotypical objects associated with multiple de-
mographic groups and contributes to the group-

agnostic nature of SCM-based debiasing.

Contribution The contributions of this work can
be summarized as follows:

1. To the best of our knowledge, we are the first
to identify and analyze the role of neutral
words in the group-agnostic bias-mitigating
process of language models. The neglect of
neutral words has led to performance limita-
tion in existing word embedding debiasing
method, particularly in terms of preserving
semantic modeling and enhancing the effec-
tiveness of debiasing mechanisms. Our work
provides crucial insights into the foundation
for further optimizing debiasing techniques.

2. Building on the analyzed functionality of neu-
tral words in preserving semantic modeling,
we are able to interpretably propose the ϵ-
DPCE, which significantly alleviates the dete-
rioration in Language Modeling Score (LMS)
that typically arises during the debiasing pro-
cess in DPCE.

3. We take the first step toward analyzing and ex-
plaining the underlying mechanisms of SCM-
based debiasing methods. By proposing the
NAS framework and SCM-Projection method,
we provide a new perspective on the mech-
anisms behind various debiasing strategies
and find that multi-group stereotypical objects
embedded in neutral words contribute to the
group-agnostic nature of SCM-based debias-
ing.

2 Preliminaries

2.1 Word Embedding Debiasing

Stereotypes have been observed in both statistic
and contextualized word embeddings (Bolukbasi
et al., 2016; Kurita et al., 2019). Contextualized
word embeddings, in particular, can more accu-
rately reflect word meanings within specific con-
texts and have become prevalent in mainstream
LLMs. Next, we will introduce the classic contex-
tualized word embedding debiasing method known
as DPCE (Kaneko and Bollegala, 2021) and demon-
strate how to mitigate stereotypes associated with
attribute words and neutral words.

Attribute Words Collecting attributes that rep-
resent demographic groups affected by stereotypes
is crucial for DPCE. These attribute words can be
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adjectives, nouns, or other forms. For instance, re-
searchers commonly use terms like “she”, “woman”
and “her" to refer to the female group, while “he”,
“man”, and “his" are used for the male group. In
this paper, we define attribute words as Vattr.

Neutral Words Neutral words, also known as
target words, serve as the stereotypical object for a
particular demographic group. We define neutral
words as Vntr. Similar to attribute words, neutral
words can be adjectives, nouns, or other forms. For
example, various occupations can serve as gender-
neutral words in the context of gender bias, includ-
ing words like “doctor”, “nurse”, “programmer”
and “dancer”.

DPCE Kaneko and Bollegala (2021) proposed
Debiasing Pre-trained Contextualised Embeddings
(DPCE), which eliminates the stereotype in lan-
guage models by orthogonalizing the word embed-
dings of attribute words Vattr and neutral words Vntr.
We retain some of the symbols used in (Kaneko and
Bollegala, 2021). To obtain contextualized word
embeddings, we first need to collect sentences that
contain the word w and denote the set of sentences
as Ω(w). Here, we define the set of sentences con-
taining attribute words as A =

⋃
w∈Vattr

Ω(w) and
the set of sentences containing neutral words as
N =

⋃
w∈Vntr

Ω(w). Then we input the sentence
x, which contains the word w, into the pre-trained
language model E with parameters θ to obtain the
contextualized word embedding E(w, x; θ).

Kaneko and Bollegala (2021) required that the
debiased word embedding E(t, x; θ) of a target
word t ∈ Vntr to be unrelated to a protected attribute
a and they formalized this requirement as:

Lbias =
∑

t∈Vntr

∑

x∈Ω(t)

∑

a∈Vattr

(
v(a)⊤E(t, x; θ)

)2

, (1)

where v(a) refer to the average contextualizd
word embedding of the attribute a and v(a) =

1
|Ω(a)|

∑
x∈Ω(a)E(a, x; θ). At the same time, to

maintain the language modeling ability of the
model E, Kaneko and Bollegala (2021) proposed
a regulariser aimed at minimizing changes to the
hidden states associated with attribute words Vattr
and formalized it as:

Lreg =
∑

x∈A

∑

w∈x

∣∣∣
∣∣∣E(w, x; θ̂)− E(w, x; θ)

∣∣∣
∣∣∣
2

(2)

In last, the overall training objective of DPCE
can be expressed as the linear weighted sum of
Lbias and Lreg as L = αLbias + βLreg. Coefficients
α, β ∈ [0, 1] and α+ β = 1.

2.2 Stereotype Content Model

Fiske et al. (2002) proposed the stereotype con-
tent model (SCM) to characterize and differentiate
the stereotypes associated with various groups in
society. Specifically, SCM is represented as a two-
dimensional space, with warmth and competence as
its axes. To address the lack of comprehensive tools
for text analysis related to the SCM, Nicolas et al.
(2021) developed stereotype content dictionaries.
These dictionaries comprise 28 different dictionar-
ies containing a total of 14,449 words. The words
included in these stereotype content dictionaries
can be utilized to evaluate the warmth and com-
petence dimensions of the SCM. More details in
Appendix B.

2.3 Benchmark of Stereotypes: StereoSet

Researchers have progressively established stereo-
type assessment methods based on embedding as-
sociation tests, ranging from the word embedding
association test (WEAT) (Caliskan et al., 2017) to
the sentence embedding association test (SEAT)
(May et al., 2019) and the contextualized embed-
ding association test (CEAT) (Guo and Caliskan,
2021). However, it is insufficient only to consider
the effects of stereotype elimination when evaluat-
ing debiasing methods, as most of these methods in-
evitably alter the model parameters, potentially in-
fluencing the existing language modeling. Nadeem
et al. (2021) developed StereoSet, a dataset that
includes stereotypes related to occupation, gender,
race, and religion, considering both language mod-
eling abilities and stereotype evaluation. StereoSet
includes three evaluation metrics: Language Model
Score (LMS), Stereotype Score (SS), and Idealized
CAT Score (ICAT).

Language Modeling Score (LMS) An ideal lan-
guage model should achieve a Language Model
Score (LMS) of 100, indicating that the model con-
sistently favours the more meaningful associations
for each target term in the dataset.

Stereotype Score (SS) The Stereotype Score
(SS) for an ideal language model is 50, indicating
that for each target term, the model shows no pref-
erence for either stereotypical or anti-stereotypical
associations.

Idealized CAT Score (ICAT) ICAT is a compre-
hensive evaluation of the language model, taking
into account both its semantic modeling ability and
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the degree of stereotypes. It can be calculated by
ICAT = LMS× min(SS,100−SS)

50 .
In comparison to evaluating language models

using a variety of tasks, like GLUE (Wang et al.,
2018), StereoSet offers a more integrated approach
by combining stereotype testing with language
modeling tests within the same case. This integra-
tion allows for a more accurate and direct reflection
of how eliminating stereotypes affects the language
model performance.

3 Role 1: Neutral Words Protect Potential
Semantic Modeling in Debiasing

3.1 Problem Discussion

Eliminating stereotypes within the word embed-
ding space constitutes a critical component of lan-
guage model debiasing, and DPCE (Kaneko and
Bollegala, 2021) is a prevalent method for tackling
this challenge. The process of acquiring the opti-
mal debiased model using DPCE can be summa-
rized as follows. Initially, the dataset is partitioned
into a training set and a development (dev) set. The
language model is then trained on the training set
and its performance is evaluated on the dev set.
Ultimately, the model exhibiting the minimal loss
on the dev set is selected as the optimal debiased
model. However, there is a gap between the ex-
pected performance and the actual performance
of the optimal debiased model obtained by the
above process.
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Figure 1: The curves of dev-loss, LMS-gender, SS-
gender, and LMS-overall as the number of DPCE train-
ing epochs increases. The LMS-overall has dropped
significantly.

To explain the performance gap more in-
tuitively and clearly, we conducted gender-
related stereotype elimination experiments on the
bert-large-uncased (Devlin et al., 2019). At-
tribute words and neutral words used in the exper-

iments are available in Appendix A. Besides, the
debiased model was evaluated on StereoSet after
each epoch to gather performance data.

In Figure 1, we plotted the curves of dev-loss,
LMS-gender, SS-gender and LMS-overall during
the training of the bert-large-uncased. LMS-
gender represents the LMS performance on gender-
related stereotype test cases, while LMS-overall
reflects the LMS result after testing all test cases.
As the number of training epochs increases, the dev-
loss tends to decrease; however, the performance
of the debiased model on StereoSet does not im-
prove as expected. Although SS, which represents
the degree of stereotype, continues to decrease, the
performance of LMS-overall also deteriorates. It
should be noted that LMS-overall decreased se-
riously, but LMS-gender has not been affected
significantly, which may mislead previous re-
searchers.

A low LMS-overall suggests that the language
modeling ability of the bert-large-uncased has
been compromised. The specific manifestation of
this degradation in StereoSet is that when faced
the fill-in-the-blank question like “Girls tend to
be more than boys”, bert-large-uncased
might incorrectly select the nonsensical option
“fish” instead of more suitable choices like
“soft” or “determined”. If the optimal debiased
model is selected according to the minimum
dev-loss, the actual LMS-overall of the debiased
bert-large-uncased drops from over 80 to be-
low 70, as shown in Figure 1. This demonstrates
that there is a significant gap between the expected
performance and the actual performance of the op-
timal debiased model.

The reason for the above problems is that
the Lreg in Formula 2 focuses solely on protect-
ing the semantic modeling related to attribute
words, neglecting the protection of other poten-
tial semantic modelings. Specifically, since the
goal of Lbias is to make the hidden states corre-
sponding to the attribute word and the neutral word
orthogonal and thus unrelated, the hidden state vec-
tors for these two groups of words will inevitably
change after backpropagation adjusts the model
parameters. However, the purpose of Lreg is to
ensure that the hidden states associated with at-
tribute words change as little as possible before
and after training. Therefore, in the process of
minimizing Lbias, the hidden states associated with
neutral words experience a more substantial alter-
ation, which leads to the destruction of potential
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semantic modelings related to neutral words and
a sharp drop in the LMS-overall performance on
StereoSet.

3.2 Solution
To bridge the gap between the expected and the
actual performance of the debiased model, we pro-
pose the ϵ-DPCE, which protects the potential se-
mantic modeling through the use of the loss func-
tion Lntr.

ϵ-DPCE In our experiments, we found that the
potential semantic modeling is closely related to
the neutral words. Therefore, we first enhanced
the DPCE by incorporating the loss function Lntr,
defined as:

Lntr =
∑

x∈N

∑

w∈x

∣∣∣
∣∣∣E(w, x; θ̂)− E(w, x; θ)

∣∣∣
∣∣∣
2

. (3)

However, conflicts among Lbias, Lntr, and Lreg
(Section 3.1) complicate the training of the debi-
ased model. To address these conflicts, we employ
the ϵ-constraint method within the DPCE frame-
work, which is a well-established approach for solv-
ing multi-objective optimization problems. Specifi-
cally, we constraint the Lntr of model with parame-
ter θ less than ϵ. Specifically, we constrain the Lntr
value of the model with parameter θ to be less than
ϵ, and formulated it as:

minL(θ)
s.t. Lntr(θ) ≤ ϵ,

(4)

where L(θ) = αLbias(θ) + βLreg(θ). Similar to
experiments described in Section 3.1, we utilize
the ϵ-DPCE to debias the bert-large-uncased
and depict the results in Figure 2.
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Figure 2: The curves of dev-loss, LMS-gender, SS-
gender, and LMS-overall as the number of ϵ-DPCE
training epochs increases.

As can be seen in Figure 2, as the dev-loss de-
creases, the performance of the debiased model on

StereoSet tends to be stable. In particular, the LMS-
overall value of the debiased model with minimum
dev-loss is close to 80, which is significantly better
than the DPCE. To provide a more straightforward
comparison between DPCE and ϵ-DPCE, we have
summarized the performance metrics on StereoSet
in Table 1. According to Table 1, it is acceptable
to consider both the last epoch debiased model
and the debiased model with minimal development
loss as optimal choices for the ϵ-DPCE. In addi-
tion to bert-large-uncased, we also conducted
experiments on gender-related stereotype elimina-
tion using Llama-3.2-1B, with results provided in
Appendix C.

Min dev loss The last epoch

DPCE ϵ-DPCE DPCE ϵ-DPCE

LMSgender ↑ 84.89 84.45 84.39 84.70
SSgender → 50 59.41 59.95 58.70 59.87
ICATgender ↑ 68.91 67.65 69.71 67.98

LMSoverall ↑ 70.56 79.30 66.66 79.30
SSoverall → 50 53.38 54.00 52.51 54.06
ICAToverall ↑ 65.78 72.96 63.31 72.86

Table 1: Experimental results of debiased models cor-
respond to the last epoch and the epoch with minimal
dev-loss in ϵ-DPCE.

4 Role 2: Neutral Words Contribute to
the Group-Agnostic Nature of
SCM-Based Debiasing

To further investigate why SCM-based debiasing
can eliminate group-agnostic stereotype, we divide
the question into two sub-questions: ❶ How does
SCM-based debiasing eliminate stereotypes? ❷

How does SCM-based debiasing achieve group-
agnostic stereotype elimination? Exploring the an-
swers to the above questions is helpful in improving
the interpretability of the SCM debiasing method
and provides better guidance for its application in
stereotype elimination practice.

4.1 How Does SCM-Based Debiasing
Eliminate Stereotypes?

As discussed in Section 2.1, stereotypes in lan-
guage models often manifest through associations
between attribute words and neutral words, such as
“she-nurse” and “he-doctor”, along with other simi-
lar spurious correlations. Therefore, it is straight-
forward to understand that severing the link be-
tween attribute words and neutral words can help
eliminate these stereotypes. However, an important
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question arises: Why does cutting the association
between SCM words and neutral words also
contribute to the reduction of stereotypes?

Figure 3: The overview of the Neutral-Attribute-SCM
(NAS) framework. There are three debiasing solutions
within the NAS framework: Gender-Neutral, SCM-
Neutral, and Gender-SCM.

Neutral-Attribute-SCM (NAS) To solve the
above puzzles, we design the Neutral-Atrribute-
SCM (NAS) framework as shown in Figure 3.
Arrows in Figure 3 represent three potential de-
biasing solutions: Gender-Neutral, SCM-Neutral
and Gender-SCM. For convenience, we denote the
method that eliminates stereotypes by removing
the association between gender attribute words and
neutral words as Gender-Neutral. Likewise, we can
define SCM-Neutral and Gender-SCM. Inspired
by the NAS framework and SCM space, we con-
jecture that the effectiveness of the SCM-Neutral
in eliminating stereotypes arises from indirectly
disrupting the association between gender at-
tribute words and neutral words by altering the
mapping positions of neutral words in the SCM
space.

We verify the above conjecture in two ways.
First, we take gender stereotypes as an example
and conducted the SCM-Projection experiments.
Taking the original model as a reference, the distri-
bution changes of neutral words in the SCM space
of the SCM-Neutral debiased model should be sim-
ilar to that of Gender-Neutral. Second, the effec-
tiveness of Gender-Neutral and SCM-Neutral in
eliminating stereotypes has been verified (Kaneko
and Bollegala, 2021; Omrani et al., 2023). How-
ever, if the conjecture is true, the Gender-SCM
should also be effective in debiasing because it cuts
off the association between attribute words and
neutral words by altering the mapping positions of
gender attribute words in the SCM space.

SCM-Projection We design the SCM-Projection
method to map attribute words and neutral words
into the SCM space. Given a to-be-mapped
word w, a SCM word set Vscm and the language
model E with parameter θ, we define the distance
S(w,Vscm) between w and Vscm as the inner prod-
uct of their word embedding vectors. Similar to
the Lbias, we complete the distance calculation be-
tween the w and Vscm by:

S(w,Vscm) =
∑

t∈Vscm

∑

x∈Ω(t)

(
v(w)⊤E(t, x; θ)

)2

, (5)

where the E(t, x; θ) refers to the last hidden state.
In the SCM space, we represent the four SCM
word sets as Vcompetent, Vincompetent, Vwarm and Vcold,
respectively.

Then, we can calculate the distances between the
word w and these four SCM word sets as follows:
sc1 = S(w,Vcompetent), sc2 = S(w,Vincompetent),
sw1 = S(w,Vwarm) and sw2 = S(w,Vcold). Af-
terwards, we can obtain the uncalibrated position
(dx, dy) of word w in the SCM space by:

dx = 1− 2sc2

sc1 + sc2
(6)

dy = 1− 2sw2

sw1 + sw2

(7)

Calibration However, due to possible devia-
tions in word embeddings, dx and dy need to be
calibrated to be more accurate. For calibration,
we need four anchors Xpos, Xneg, Ypos and Yneg.
Let Xpos =

1
|Vcompetent|

∑
w∈Vcompetent

S(w,Vcompetent),

Xneg = 1
|Vincompetent|

∑
w∈Vincompetent

S(w,Vincompetent),

Ypos =
1

|Vwarm|
∑

w∈Vwarm
S(w,Vwarm), and Yneg =

1
|Vcold|

∑
w∈Vcold

S(w,Vcold). With the help of an-
chors, we can get the calibrated position (px, py)
of word w by:

px =
2dx − (Xpos +Xneg)

Xpos −Xneg
(8)

py =
2dy − (Ypos + Yneg)

Ypos − Yneg
(9)

Based on the SCM-Projection method, we debi-
ased the bert-large-uncased with ϵ-DPCE and
plotted the mapping distributions in Figure 4. After
undergoing Gender-Neutral and SCM-Neutral debi-
asing, the mapping distribution of female and male
words becomes closer to each other and exhibits
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(a) Original (b) Gender-Neutral (c) SCM-Neutral (d) Gender-SCM

Figure 4: The projection distributions of attribute words and neutral words in the SCM space. These four subfigures
correspond to the original model and three models that have been debiased using three debiasing methods.

greater concentration compared to the original dis-
tribution. Therefore, we can summarize the under-
lying mechanism of the debiasing methods: over-
lapping the mapping positions of female words
and male words in the SCM space prevents them
from forming stereotypical associations due to
their individual proximity to neutral words.

As shown in Figure 4(c), since SCM-Neutral
does not involve attribute words, it minimizes in-
dividual associations with female or male words
by concentrating the projections of neutral words
toward the origin. In other words, SCM-based
debiasing (SCM-Neutral) indirectly disrupts the
association between attribute words and neu-
tral words by repositioning neutral words within
the SCM space. Furthermore, the experimental
data of Figure 4 is summarized in Table 2, reveal-
ing that Gender-SCM debiased model achieves no-
table stereotype elimination on StereoSet, consis-
tent with the distinct separation between neutral
words and gender attribute words observed in Fig-
ure 4(d).

Gender Overall

LMS SS ICAT LMS SS ICAT

Original 86.54 63.24 63.63 84.40 58.83 69.50
Gender-Neutral 84.45 59.95 67.65 79.30 54.00 72.96
SCM-Neutral 85.52 61.06 66.60 84.34 55.59 74.91
Gender-SCM 84.98 58.44 70.64 82.84 55.21 74.21

Table 2: Evaluation results of the original model and
three debiased models that have been debiased using
three debiasing methods.

4.2 How Does SCM-Based Debiasing Achieve
Group-Agnostic Stereotype Elimination?

Since SCM-Neutral does not rely on attribute
words and experiments revealed that Gender-
Neutral debiasing also slightly enhanced the lan-
guage model’s performance on religion-related
stereotypes, we speculate that multi-group stereo-
typical objects included in neutral words contribute
to the group-agnostic nature of SCM-based debi-
asing. To verify the above assertion, we divide the
neutral words into two categories: intersectional
neutral words and group-specific neutral words. A
typical example of intersectional neutral words is
“CEO”, whose stereotype is the white male that
involves both racial and gender groups. There-
fore, when using SCM-Neutral to eliminate the
stereotype of the neutral word “CEO”, both race-
related and gender-related stereotypes will be al-
leviated. In contrast, group-specific neutral words
correspond only to stereotypes of a single demo-
graphic group. Next, we validate our assertion by
removing group-specific neutral words and assess-
ing the corresponding performance .

Group-Specific Selection As outlined in Algo-
rithm 1, the process of selecting group-specific neu-
tral words for two groups begins with calculating
the stereotype correlation strength L(A, t) between
the group attribute words A and neutral word t.
Next, neutral words are sorted in descending order
based on their stereotype correlation strength, and
the top k neutral words are selected. Finally, the
difference set (Ngender or Nreligion) of two neutral
word sets for each group is computed as the group-
specific neutral word set. To measure the strength
of the stereotype association between the corre-
sponding groups of neutral word t and attribute set
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LMS↑ SS→ 50 ICAT↑
Original G-S R-S Full Original G-S R-S Full Original G-S R-S Full

StereoSet
Gender 86.54 86.10 85.09 85.52 63.24 62.38 62.20 61.06 63.63 64.78 64.34 66.60
Religion 84.27 84.00 82.88 83.12 59.94 58.36 60.89 59.28 67.51 69.97 64.83 67.70
Overall 84.40 83.86 83.04 84.34 58.83 57.16 57.68 55.59 69.50 71.86 70.29 74.91

* G-S and R-S correspond to cases that remove gender-specific words and religion-specific words from the neutral words set,
respectively.

Table 3: Experimental results correspond to the performance of four models: the unprocessed original model, the
model debiased after removing the gender-specific neutral words (G-S), the model debiased after removing the
religion-specific neutral words (R-S) and the model debiased with the full set of neutral words (Full).

A, we design the function L(A, t) based on Lbias.
The calculation of L(A, t) is as follows:

L(A, t) =
∑

x∈Ω(t)

∑

a∈Va

(
v(a)⊤E(t, x;θ)

)2

, (10)

where v(a) refer to the average contextualizd
word embedding of the attribute a and v(a) =

1
|Ω(a)|

∑
x∈Ω(a)E(a, x; θ).

Algorithm 1 Group-Specific Selection

Input: Agender, Areligion, N , k
Output: Ngender, Nreligion

1: Dgender ← {}, Dreligion ← {}.
2: for each t ∈ N do
3: Dgender[t]← L(Agender, t);
4: Dreligion[t]← L(Areligion, t);
5: end for

▷ Sort in descending order.
6: sort_values(Dgender)
7: sort_values(Dreligion)
8: Ngender ← Dgender.keys[: k]
9: Nreligion ← Dreligion.keys[: k]

▷ Calculate the difference set.
10: Ngender ← Ngender − (Ngender ∩Nreligion)
11: Nreligion ← Nreligion − (Nreligion ∩Ngender).
12: return Ngender, Nreligion

To verify the assertion, we first acquire the
gender-specific and religion-specific neutral words
using Algorithm 1. Subsequently, we separately re-
move these gender-specific and religion-specific
neutral words from the complete set of neutral
words. Finally, we train the debiased model us-
ing ϵ-DPCE along with the set of processed neutral
words, respectively. We summarize the results of
above experiments in Table 3. The inclusion of
group-specific neutral words directly influences the
effectiveness of stereotype elimination for the re-
spective demographic group. This demonstrates
that neutral words encompassing stereotypical

objects from multiple groups contribute to the
group-agnostic nature of SCM-Neutral (SCM-
based debiasing). The lower SS score of G-S
compared to the original model is attributed to the
existence of intersection neutral words.

5 Related Work

There are several existing methods for debias-
ing language models, including Counterfactual
Data Augmentation (CDA; Zmigrod et al. 2019),
Dropout (Webster et al., 2020), Self-Debias (Schick
et al., 2021), and word embedding debiasing meth-
ods (Kaneko and Bollegala, 2021; Yang et al.,
2023). Our work closely follows the word embed-
ding method DPCE (Kaneko and Bollegala, 2021),
which is more plain and more interpretable for sub-
sequent analysis. Omrani et al. (2023) was the
first to propose SCM-based group-agnostic debi-
asing method. Originating from social psychol-
ogy, Stereotype Content Model (SCM; Fiske et al.,
2002) offers valuable insights for group-agnostic
debiasing.

Compared with DPCE proposed by Kaneko and
Bollegala (2021), we have developed the ϵ-DPCE,
which bridges the gap between the expected and
the actual performance of debiased model. On
the other hand, compared with SCM-based debi-
asing method proposed by Omrani et al. (2023),
we explore further by explaining both why and
how SCM-based debiasing achieve group-agnostic
debiasing.

6 Conclusion

In this work, we explored the role of neutral words
in group-agnostic debiasing of language models
from two perspectives. First, we demonstrated that
incorporating a loss function grounded in neutral
word semantics into DPCE effectively preserved
potential semantic modeling, which led to the de-
velopment of ϵ-DPCE. Second, through our pro-
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posed SCM-Projection method, we revealed that
the underlying mechanism of SCM-based debias-
ing is repositioning the neutral words in the SCM
space. Our analysis further showed that multi-
group stereotypical objects embedded within neu-
tral words contributed significantly to the group-
agnostic properties of SCM-based debiasing. Over-
all, our findings highlight the essential role of neu-
tral words in group-agnostic debiasing and offer
valuable insights into their effective integration into
bias mitigation methods.

7 Limitations

This work has explored the role of neutral words in
group-agnostic debiasing of language models. As
no multilingual stereotype benchmark equivalent
to StereoSet was available, our stereotype evalua-
tions of language models were limited to English
sentences. Furthermore, due to the limitation inher-
ited from StereoSet, gender-related stereotypes in
our experiments and analysis are binary and do not
involve non-binary gender.
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A Words Used in Our Experiments

A.1 Attribute Words
Female she, daughter, hers, her, mother, woman,
girl, herself, female, sister, daughters, mothers,
women, girls, females, sisters, aunt, aunts, niece,
nieces.

Male he, son, his, him, father, man, boy, him-
self, male, brother, sons, fathers, men, boys, males,
brothers, uncle, uncles, nephew, nephews.

A.2 SCM Words
Warm social, warm, popular , good, right , kind,
loyal, pleasant, friendly, funny, moral, fair, sym-
pathetic, sensitive, cooperative, innocent, liked, re-
sponsible, genuine, polite, trustworthy, reliable, car-
ing, helpful, thoughtful.

Cold antisocial, cold, unpopular, bad, wrong,
mean, treacherous, unpleasant, unfriendly, boring,
immoral, unfair, unsympathetic, insensitive, self-
ish, criminal, disliked, irresponsible, fake, rude,
untrustworthy, unreliable, uncaring, unhelpful, in-
considerate.

Competent able, bright, brilliant, competent, ca-
pable, wise, rational, practical, dominant, depen-
dent, confident, active, efficient, ambitious, deter-
mined, critical, secure, daring, educated, aggres-
sive, motivated, intelligent, graceful, creative, ener-
getic.

Incompetent unable, stupid, dumb, incompetent,
incapable, unwise, irrational, impractical, submis-
sive, independent, insecure, inactive, inefficient,
lazy, doubtful, naive, vulnerable, cautious, unedu-
cated, docile, unmotivated, unintelligent, clumsy,
unimaginative, lethargic.

A.3 Neutral Words
aerobics, adventurer, apparel, aggressive, assistant,
tycoon, baker, warrior, bathing, ambitious, beauti-
ful, trucker, beauty, welder, blonde, strong, book-
keeper, terrorist, ca, soldier, cashier, astronomer,
chatty, sniper, cheerleader, skipper, cheerleading,
banker, clerk, baseball, cocktail, sergeant, cook-
ing, bodyguard, counselor, boss, crafting, boxer,
cute, cabbie, dancer, captain, educator, cardiol-
ogist, emotional, carpenter, flirt, ceo, flirtatious,
chairperson, flower, chancellor, gossip, chef, grace-
ful, colonel, hairdresser, commander, hairdryer,
conductor, homemaker, police, hooker, custo-
dian, housekeeper, dentist, housekeepers, detective,

housework, diplomat, hula, doctor, indoor, driv-
ing, jealousy, drummer, jewelry, economist, kawaii,
electrician, laundering, engineer, librarian, engi-
neering, librarians, entrepreneur, lotion, financier,
lovely, firefighter, marvelous, footballer, mirror,
gambler, moisturizer, gamer, nanny, gangster, neat,
geek, nurse, geeks, nursery, gentle, nurses, guitarist,
nurturing, industrialist, parenting, inventor, passive,
investigator, pink, laborer, pretty, lawyer, reception-
ist, leader, ribbon, lieutenant, romance, lifeguard,
romantic, magistrate, secretary, manager, selfie,
marshal, server, mathematician, sew, mechanic,
sewing, muscle, shopping, muscular, smoothie,
owner, soft, philosopher, softball, physicist, stylist,
pilot, submissive, plumber, sweet, politician, tai-
lor, president, tall, professor, teacher, programmer,
thin, rugby, violinist, sailor, waiter, science, weak,
scientist, yoga, sculptor, hysterical, blue, makeup,
football, executive, management, professional, cor-
poration, salary, office, business, career, home, par-
ents, children, family, cousins, marriage, wedding,
relatives, math, algebra, geometry, calculus, equa-
tions, computation, numbers, addition, poetry, art,
dance, literature, novel, symphony, drama, sculp-
ture, science, technology, physics, chemistry, Ein-
stein, NASA, experiment, astronomy, Shakespeare.

B Stereotype Content Model (SCM)

Stereotype Content Model (SCM) divides stereo-
types into four types: High Warmth-High Compe-
tence (HW-HC), Low Warmth-High Competence
(LW-HC), High Warmth-Low Competence (HW-
LC) and Low Warmth-Low Competence (LW-LC),
corresponding to four quadrants respectively. For
any given group, SCM can illustrate its stereotyp-
ical position in the SCM space based on evalua-
tions of these two dimensions. For example, the
American middle class is the representative group
of HW-HC, and the homeless individuals are the
representatives of LW-LC. It should be noted that
the hypothesis that the two dimensions of warmth
and competence determine the distribution of out-
groups has been verified through cross-cultural
studies in 17 different countries and regions.

Existing studies on applying the SCM to lan-
guage model debiasing have made some progress.
Fraser et al. (2021) first demonstrated the feasibil-
ity of projecting stereotypes into the SCM space
and proposed a method for defining the axes of
warmth and competence in semantic embedding
space. However, Fraser et al. (2021) primarily fo-
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cused on static word embeddings and did not ex-
plore effective debiasing solutions. In contrast, Un-
gless et al. (2022) confirmed that the SCM holds for
contextualized word embeddings and implemented
debiasing by fine-tuning the BERT following the
DPCE. Omrani et al. (2023) proposed an SCM-
based debiasing method and tested its effectiveness
on both statistic word embeddings and contextual-
ized word embeddings. More importantly, Omrani
et al. (2023) proposed and discovered that the SCM-
based debiasing method is social-group-agnostic.
However, the underlying reason why the SCM-
based debiasing method can eliminate social-
group-agnostic stereotypes remains unexplored.

C Gender-related stereoype elimination
experiments using Llama-3.2-1B

C.1 Debiasing by DPCE
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Figure 5: As the number of DPCE training epochs in-
creases, the corresponding dev-loss, LMS-gender, SS-
gender, and LMS-overall curves of Llama-3.2-1B.

Unlike bert-large-uncased in Figure 1, LMS-
overall value of Llama-3.2-1B did not continue
to decline; instead, it dropped to around 80 at the
beginning of training (compared to the original
value of 93.31 in Table 4).

C.2 Debiasing by ϵ-DPCE

As shown in Figure 6, although Llama-3.2-1B’s
LMS-overall also exhibited a significant decline
during the early stages of training with ϵ-DPCE, it
improved more effectively in the later stages com-
pared to DPCE in Figure 5, with both the LMS-
overall and LMS-gender values showing better re-
sults.

To improve the generalizability of findings, we
used Llama-3.2-1B (released on September 25,
2024) as the experimental subject and conducted
the same experiments as in Section 3. In the
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Figure 6: As the number of ϵ-DPCE training epochs
increases, the corresponding dev-loss, LMS-gender, SS-
gender, and LMS-overall curves of Llama-3.2-1B.

Table 4, we present the original metric data for
Llama-3.2-1B, along with the test results for the
model after applying DPCE and ϵ-DPCE debias-
ing. These results are based on two optimal model
selection strategies: one uses the model correspond-
ing to the epoch with the minimum development
loss (Min dev-loss epoch), and the other selects the
model from the final epoch (The last epoch).

Origin Min dev loss The last epoch

DPCE ϵ-DPCE DPCE ϵ-DPCE

LMSgender ↑ 93.88 87.73 89.72 87.74 89.84
SSgender → 50 71.83 62.89 60.75 62.86 60.87
ICATgender ↑ 52.89 65.11 70.43 65.18 70.30

LMSoverall ↑ 93.31 85.72 87.34 85.76 87.40
SSoverall → 50 64.78 59.10 59.84 59.08 59.89
ICAToverall ↑ 65.73 70.13 70.15 70.19 70.11

Table 4: Experimental results of debiased
Llama-3.2-1B correspond to the last epoch and
the epoch with minimal dev-loss in ϵ-DPCE.

According to the Table 4, we can observe a sim-
ilar phenomenon as noted in the Section 3: com-
pared to DPCE, ϵ-DPCE can reduce the SS (stereo-
type score) and better preserve the performance of
the LMS (language modelling score).
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