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Abstract

Large Language Models (LLMs) are increas-
ingly integrated into high-stakes domains such
as healthcare, education, and finance, influenc-
ing daily decision-making. However, LLMs
have been shown to exhibit gender bias in
their generated responses, particularly against
women and non-binary individuals. While re-
cent research has proposed inference-time de-
biasing techniques like self correction and self-
consistency in question-answering, their effec-
tiveness across diverse tasks and their computa-
tional efficiency remain underexplored. Partic-
ularly, the gender neutrality of LLMs in gender
coreference resolution tasks remains an open
question. In this work, we present a comprehen-
sive evaluation of inference-time gender bias
mitigation strategies on gender coreference res-
olution pertaining to occupational words. We
assess both the bias reduction achieved and the
computational costs incurred to identify strate-
gies that best balance fairness and efficiency.
We find that self correction with a low-bias
feedback generator achieves up to 41% bet-
ter performance than existing self-consistent
prompting, yet with comparable sampling rates.
Moreover, we also qualitatively analyze the
Chain-of-Thought reasoning process of the
LLMs during gender prediction and highlight
certain LLM-specific response patterns related
to bias, logic and grammaticality that arise fre-
quently during gender coreference resolution.
The scripts and dataset used in this study are
available at https://github.com/true-neutr
al-nlp/Inference-Time-Gender-Coreference

-Resolution.

1 Introduction

Large Language Models (LLMs) are trained using
a vast collection of data, leading them to obtain
strong natural language inference, reasoning and
generation capabilities (Raiaan et al., 2024). Dur-
ing this training process, however, LLMs also unin-
tentionally learn underlying societal biases, includ-

Figure 1: An example of a Gender Coreference Resolu-
tion task.

ing gender, racial and geographical biases, from
the data (Raj et al., 2024). Gender biases are es-
pecially prevalent when prompting LLMs about
occupations traditionally carried out by the differ-
ent genders, for example, a doctor is most often
associated with the male gender, whereas a nurse
is often associated with the female gender (Kaneko
et al., 2024). Moreover, non-binary genders are
rarely mentioned in the discourse (Dev et al., 2021).
As LLMs are rapidly being integrated into various
high-stakes automated decision-making pipelines
such as resume screening, care must be taken to
make sure that the involvement of LLMs does not
affect or enforce stereotypes and biases against a
certain gender.

Gender biases are implicit in pre-trained LLMs
due to learning traditional associations between
gender and occupational words during training
(Zhou et al., 2024). These biases may manifest
indirectly and shape the way that such language
models respond to user queries. We seek to make
these implicitly learned biases apparent through
gender coreference resolution in order to evaluate
them. Coreference resolution refers to the task of
correctly identifying mentions or phrases in text
that refer to the same entity (Zhao et al., 2018).
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Gender coreference resolution involves resolving
mentions that give away the gender identity of the
entity it refers to, such as pronouns. In this work,
we prompt LLMs to resolve a blanked-out mention
in a given sentence to an occupational word by re-
sponding with a pronoun. This process is shown
in Figure 1. This task requires the LLM to make
inferences and assumptions about the occupational
word and translate it into a pronoun, most of which
are gendered in the English language, thus reveal-
ing inherent biases. This allows us to explicitly
evaluate the ability of LLMs to remain neutral and
not associate occupations with certain genders, i.e.,
their gender neutrality. Since occupations can be
carried out by anyone regardless of gender, it is
important to make sure that disruptive technologies
such as LLMs display gender neutrality.

Previous work has applied inference-time meth-
ods such as Chain-of-Thought (CoT) prompting
and Self Correction to both investigate the pres-
ence of gender bias of LLMs exposed to occupa-
tional words and then for the corresponding bias
mitigation (Anantaprayoon et al., 2025). However,
these studies have concentrated on mitigating gen-
der bias solely in question-answering with context,
where explicitly probing the gender neutrality of
LLMs has not been carried out. We adopt these
inference-time methods that have been shown to
be helpful in mitigating bias in these situations in
our work. Moreover, we recognize the need to
conduct an overall investigation into the robustness
and computational efficiency of these methods to
increase the trust in inference-time bias mitigation
and their adoption to real-world systems. Specif-
ically, we are interested in examining how LLMs
explain their stance while resolving pronouns to
occupational words to understand how sound and
bias-free their reasoning is. We thus seek to answer
the question: Which inference-time bias mitigation
strategy is the most accurate, robust and computa-
tionally effective in predicting gender neutrality in
the task of gender coreference resolution?

Our contributions are threefold:

1. We evaluate how accurate inference-time gen-
der debiasing methods for LLMs involving
prompting and self correction are at maintain-
ing gender neutrality during gender corefer-
ence resolution.

2. We discuss the robustness of inference-time
gender debiasing methods by qualitatively

highlighting common logical and grammati-
cal reasoning patterns of LLMs during gender
coreference resolution.

3. We compare the computational efficiency of
inference-time gender debiasing methods by
comparing the number of times the LLM is
sampled during the execution of each debias-
ing strategy.

The rest of this paper is organized as follows:
Section 2 provides an overview of related work
that acts as the background for our research. We
then elaborate on the experiments we conduct in
Section 3, and Section 4 specifies the metrics we
use to analyze the results obtained. Then, in Sec-
tion 5, we discuss our results and in Section 6, we
outline limitations and constraints. Finally, Sec-
tion 7 concludes.

2 Related Work

Prompt-based Debiasing Inference-time debi-
asing methods improve upon zero-shot prompting,
which involves directly prompting the LLM with
a question whose response is then evaluated for
gender bias (Mohapatra et al., 2024). Debiasing
prompts, which involve adding “Please ensure
that your answer is unbiased and does not rely
on stereotypes” have been proposed to encourage
the LLM to reflect on potential biases and stereo-
types it may exhibit in its response (Ganguli et al.,
2023). Moreover, chain-of-thought (CoT) reason-
ing, achieved by prompting the LLM “Let’s think
step by step.” has also been shown to mitigate bi-
ases in unscalable tasks including symbolic and
arithmetic reasoning (Kaneko et al., 2024). Similar
approaches including informative prompts, provid-
ing more context, and CoT have been applied to
mitigate biases for gender coreference resolution
in machine translation (Sant et al., 2024). How-
ever, these approaches are sensitive to prompt de-
sign and should be tested across diverse tasks and
various prompt formulations (Hida et al., 2024).
To increase the robustness of prompting methods,
self-consistency, which involves repetitive individ-
ual sampling and majority voting was introduced
(Wang et al., 2023).

Adaptive Consistency Though self-consistency
has shown significant improvements in the robust-
ness of prompting methods, it may lead to repet-
itive sampling of the LLM even in the case of an
early majority due to a fixed number of samples.



Adaptive consistency makes the number of samples
dynamic by adding a lightweight stopping criterion
that evaluates how likely it is for the current major
element to remain the major element in the fol-
lowing samples by modeling the distribution of
answers as a Dirichlet distribution, which can then
be approximated to a Beta distribution for the top
two major elements (Aggarwal et al., 2023). This
technique has not been applied to gender bias mit-
igation yet, but since it can be considered a more
efficient version of self-consistency, we primarily
include it in our evaluation to compare the compu-
tational efficiency.

Self Correction Direct prompting approaches
such as CoT and even self-consistency do not en-
able LLMs to reflect on previous answers as all
samples to the LLM are independent. Self cor-
rection, which includes an iterative feedback loop,
has been applied and shown to perform better for
gender bias mitigation owing to good feedback
between samples. Previous work has shown that
multi-LLM interactions amplify bias and attempt to
mitigate this using self-reflection with fine-tuning
(Borah and Mihalcea, 2024). Self reflection for
reducing gender bias in task assignments was made
more reliable by assigning referee and participant
roles to LLM instances (Cheng et al., 2024). The
existing self correction framework has been ex-
tended to mitigate societal biases in question an-
swering, and it has been demonstrated that clari-
fying intentions at each step, from prompting to
response and feedback is necessary for better bias
mitigation (Anantaprayoon et al., 2025).

3 Methodology

3.1 Dataset
We use the Winogender dataset to provide sen-
tences with occupational words and a pronoun for
gender coreference resolution (Zhao et al., 2018).
This dataset, set in the style of Winograd schemas,
contains templates, each containing a primary occu-
pational word, a secondary participant occupational
word, and an ambiguous pronoun that may refer to
either of the occupational words depending on the
surrounding sentence context. An example is “The
technician told the customer that he could pay with
cash.”, where technician and customer are the two
occupational words, and he is the pronoun in this
case. The dataset includes 720 such hand-written
sentences, corresponding to 2 templates each for
2 participants and 3 genders across 60 one-word

occupations sampled from the U.S. Bureau of La-
bor Statistics. We remove all pronoun references
from the sentences to create 120 unique templates
with blanked-out pronouns and input these to the
LLM to resolve the blank space to the correct oc-
cupational word. This ensures that the LLM has
to infer which occupation the blanked-out pronoun
refers to and then make an informed decision based
on the pronoun knowledge of the model, which
reveals its inherent gender bias.

3.2 Gender Coreference Resolution

The task of resolving a given mention in a sentence
to an entity where the mention may be indicative of
gender is known as gender coreference resolution.
We use templates from the Winogender dataset with
two occupational words and a blanked-out space
that we require the LLM to resolve to a pronoun
depending on the context. Thus, this task requires
the LLM to make inferences from a very limited
context, as opposed to usual question-answering
formats that include an additional context on top
of the query. We try to limit the context in our task
as much as possible to bring out the implicit biases
in the LLM rather than its ability to reason from
the context. Since the context of all templates is
limited and ambiguous and provides no direct hints
to the gender of either of the occupational words,
the gender neutrality of the LLM is shown through
its predictions for the blanked-out space. An oc-
cupation in itself has no gender associated with it,
and thus we look for variations of the third per-
son gender-neutral singular pronoun “they” (such
as “they”, “them”, “their” and “theirs”) in the
LLM’s response. We posit that these particular
pronoun variations would be the most appropriate
when there are no hints towards gender, as opposed
to male-biased pronouns (such as “he”, “his”, and

“him) and female-biased pronouns (such as “she”,
“her” and “hers”). We evaluate the performance of
two LLMs, Llama3 and Mistral on this task. Specif-
ically, we run our experiments using the Llama3
8B model (Dubey et al., 2024) and the Mistral 7B
model (Jiang et al., 2023). We chose to evaluate
these two models specifically given their promi-
nence, relevance, and performance as open-source
LLMs.

3.3 Gender Bias Mitigation Strategies

Influenced by previous work, we broadly apply
two kinds of inference-time debiasing strategies for
our gender neutrality evaluation: Direct Prompting



and Self Correction. We implement four different
kinds of direct prompting approaches– zero-shot,
chain-of-thought (CoT), self-consistent CoT, and
adaptive consistent CoT– that have been shown to
yield promising results for gender debiasing, and
both same-model and cross-model self correction
(refer to Section 2 for a more detailed discussion
on the introduction and general motivation of these
strategies). The debiasing strategies we explore are
summarized in Figure 2.

Zero-shot Prompting We directly prompt the
LLM with a Winogender sentence template con-
taining two occupational words and a blanked-out
pronoun that may refer to either of the two oc-
cupational words. We ask the LLM to fill in the
blank with a correct pronoun and clarify the pro-
nouns it can include in its answer by providing a
list of male, female, and neutral pronouns along
with the prompt. We also add details about the an-
swering format for easy extraction of the pronoun
from the LLM’s responses. This is the baseline
prompt which gets further augmented in other di-
rect prompting approaches.

Chain-of-Thought Prompting To encourage the
LLM to follow a logical reasoning process before
responding with a final pronoun, we use Chain-of-
Thought (CoT) prompting. Allowing the model
to elaborate on its reasons for choosing a certain
pronoun not only helps the LLM prevent inherently
learned gender biases from directly influencing the
answer by forcing a thought-out reasoning process
before answering that reveals underlying biases,
but also allows us to analyze the responses for any
underlying bias patterns. We achieve CoT prompt-
ing by adding “Let’s think step by step.” to the
zero-shot prompt (Wei et al., 2022).

Self-Consistent Chain-of-Thought Prompting
Even though CoT prompting allows models to elab-
orate on their thought process before responding
with a final pronoun, the provided reasoning itself
may not be as sound during one single run. To
allow LLMs multiple chances at reasoning for a
single query to increase reliability and confidence
in this strategy, and recognizing that there may be
multiple correct reasoning paths to the same an-
swer, we adopt self-consistent CoT prompting as
another debiasing strategy based on direct prompt-
ing. We sample the LLM independently 10 times
for each template sentence from the Winogender
dataset with the CoT prompt and use majority vot-

ing to decide on the final prediction after all sam-
ples.

Adaptive Consistent Chain-of-Thought Prompt-
ing To dynamically adjust and reduce the number
of fixed samples in self-consistent CoT prompting,
we adopt a lightweight stopping criterion that esti-
mates the probability of the current major element
remaining the majority in the following samples.
This is done by modeling the distribution of unique
responses as a Dirichlet distribution, which can
then be approximated to a Beta distribution for the
top two major elements (Aggarwal et al., 2023). We
use a confidence threshold of 0.95 for determining
whether to halt sampling for the current query or
to continue sampling. If no clear majority is estab-
lished, this strategy defaults to the self-consistent
CoT case with a maximum of 10 samples made to
the LLM per query.

Self Correction We also evaluate the perfor-
mance of iterative self-reflection based on feedback
by implementing self correction. The general self
correction framework we adopt involves two LLM
instances, one acting as a responder, that responds
to the given Winogender sentence template with a
pronoun and its corresponding reasoning, and the
other acting as a feedback generator. This feedback
generator is prompted to generate feedback based
on three criteria: coherence (the soundness of rea-
soning), comprehensiveness (whether the response
uses all information available to make a decision)
and objectivity (whether the LLM remains unbi-
ased and does not reinforce stereotypes) (Anan-
taprayoon et al., 2025). The feedback generator
gives the responder’s response a binary rating of
either 0 or 1 based on the three evaluation aspects
and a total rating out of 3. The responder is itera-
tively provided the feedback given by the feedback
generator as well as the total rating to reflect on
its answer and provide improved reasoning in the
next run. We implement two kinds of self correc-
tion: same-model correction, where two separate
instances of the same LLM act as responder and
feedback generator respectively, and cross-model
correction, where the responder and feedback gen-
erator are instances of different LLMs. We allow
an iterative response-feedback loop to run for a
maximum of 10 times, similar to self-consistency,
or stop if the model scores 3/3 on all necessary
aspects.



Figure 2: Overview of inference-time debiasing strategies used for gender-neutrality prediction. In Zero-shot
prompting, the model directly predicts a pronoun given an occupational sentence; Chain-of-Thought (CoT) prompt-
ing encourages step-by-step reasoning; Self-Consistent CoT (SC CoT) uses multiple independent CoT samples with
majority voting; Adaptive Consistent CoT (AC CoT) dynamically adjusts the number of samples. Self Correction
involves iterative refinement of responses based on feedback from either the same model or a different model.

4 Metrics

In this section, we expand on the metrics we use to
quantitatively evaluate the inference-time gender
debiasing strategies we employ in our experiments.
We calculate the accuracy, direction of gender bias
as well as the computational efficiency of each
debiasing strategy.

4.1 Accuracy

Since our aim in this work is to evaluate how well a
given debiasing strategy predicts the gender neutral-
ity of the occupational word in a given sentence, we
measure the correctness of each strategy in terms
of accuracy, which is the fraction of gender neu-
tral predictions made. We consider “they”, “them”,

“their” and “theirs” to be acceptable gender-neutral
pronouns, and also consider the cases where the
LLM refuses to fill in the blank with a gendered pro-
noun stating explicitly that it must remain gender-
neutral, even though it does not predict one of the
gender-neutral pronouns. We decide to include
these cases also citing the reasoning of the model
to be sound. We calculate accuracy as described
below in Equation 1.

Accuracy =
ngender_neutral

ntotal
(1)

Where ngender_neutral is the number of gender
neutral predictions and ntotal is the total number of
predictions, which includes gender neutral, male,

female and unknown pronoun predictions. The
LLM may predict gendered pronouns in the male or
female direction, explicitly state gender neutrality
or use a pronoun such as they, or give answers that
are not pronouns (words like someone, one, who,
the), or restate the occupational word to fill in the
blank. Anything except a pronoun from the given
list is categorized as unknown. This list includes
gender-neutral, male and female pronouns such as
"they", "them", "their", "theirs", "he", "him", "his",
"she", "her", and "hers".

4.2 Direction of Bias

To ensure we conduct a robust study and evalu-
ate the pronoun predictions from all angles, we
are also interested in all the times that the model
does not predict gender neutrality, and if it has a
tendency of defaulting to predicting pronouns of
a certain gender. We measure this in terms of the
direction of bias in either the male or female direc-
tion. This is a ratio of the gendered prediction in
question (either male or female) to the total number
of gendered predictions. This helps us see if the
gendered predictions are balanced or skewed in a
certain direction.

Biasmale =
nmale

nmale + nfemale
(2)

Biasfemale =
nfemale

nmale + nfemale
(3)



The calculation of bias in both the male and fe-
male directions are described in Equation 2 and
Equation 3. nmale refers to the number of male
pronoun predictions made by the LLM during a
particular debiasing strategy and nfemale refers to
the number of times a female pronoun was pre-
dicted.

4.3 Computational Efficiency

In this work, along with presenting how accurate
LLMs are in mitigating gender bias and predict-
ing gender neutrality, we are also interested in un-
derstanding the computational effort it takes to be
more bias free. We are especially interested in
seeing if any strategies are computationally effi-
cient as well as accurate in gender neutrality predic-
tion. Since we utilize only inference-time methods,
where the most effort is the inference on the part of
the LLM, we calculate computational efficiency in
terms of the number of samples made to the LLM
on average. Every time we prompt the LLM we
also maintain count of the number of samples made
and average this number for each debiasing strategy
for comparison.

5 Results and Discussion

Table 1 reports the accuracy of gender neutrality
predictions across all evaluated inference-time de-
biasing strategies, along with the bias in the male
and female direction.

Accuracy All prompting and self correction
methods are seen to usually increase the accuracy
of gender neutrality prediction compared to zero-
shot prompting. Self correction generally performs
better than prompting methods in terms of accu-
racy of gender neutrality prediction across both
LLMs. Self-consistency and Adaptive Consistency
lead to opposite results in Llama3 and Mistral,
thus showing that they are not robust methods
and need to be tested more extensively. Chain-
of-thought (CoT) also shows differing behavior
between LLMs where it shows significant improve-
ment in Llama3, but a decrease in accuracy in Mis-
tral. This observation is in accordance to previ-
ous work which has shown CoT to not be a ro-
bust method of gender bias mitigation (Hida et al.,
2024). Improvement in accuracy is the most when
a high-bias model has cross-model self correction
with a low-bias model. Since Mistral comparatively
performs better on gender neutrality prediction, we
call it a low bias model in this work. However,

when Llama3 acts as the feedback generator for
Mistral’s responses, the performance actually re-
duces, which suggests the necessity to choose the
feedback generator wisely to achieve the maximum
benefits. This may suggest that self correction de-
pends on the quality of the feedback, as a consistent
pattern is observed: a low-bias model’s feedback
leads to better performance in terms of accuracy.
This is in line with previous work (Anantaprayoon
et al., 2025).

Direction of Bias The male and female bias
scores become more balanced during self correc-
tion when compared to prompting methods. This
may be due to the fact that the iterative debate
mechanism prevents from defaulting to one gender
as a response, which might occur in the prompting
strategies, since each sample in these strategies is
independent and gets no feedback. Between the
two self correction methods, there is not much dif-
ference, thus suggesting that it is the existence of
feedback and self-reflection that influences a more
balanced behavior rather than the quality of feed-
back itself. But same-model correction is slightly
better balanced than cross-model correction. The
direction of bias is highly LLM dependent, but
consistent across the same LLM. Llama3 is more
female biased, whereas Mistral is more male bi-
ased, which means that Llama3 seems to predict
female pronouns more than male pronouns, and
vice versa for Mistral. Self-consistency and Adap-
tive Consistency do not vary by a small margin, and
with opposing behavior across LLMs, thus again
proving its lack of robustness, and the necessity for
more fine-grained evaluation on diverse tasks and
prompts.

Computational Efficiency Number of samples
used is 1 for the zero-shot and CoT cases as they
sample the LLM only once, but these are also the
cases associated with the least accuracy and least
balanced directional bias. For self-consistent CoT,
since we use 10 as the number of samples, it re-
mains this fixed number. For adaptive consistency,
we find that the reduction is not very significant
(one or two samples less on average) compared
to self-consistency, which may be because of the
threshold we defined (0.95). For a lower thresh-
old, confidence may be achieved sooner and the
number of samples may also decrease. For self cor-
rection, though it involves an iterative loop, we find
that the number of samples made to both LLMs
involved together on average remains around 10,



LLM Debiasing Strategy Accuracy Accuracy
Gain

Male/Female Bias

Llama3

Zero-Shot 0.07 0.00 0.36 / 0.64
Chain-of-Thought (CoT) 0.23 0.16 0.30 / 0.70
Self-Consistent CoT 0.16 0.09 0.45 / 0.55
Adaptive Consistent CoT 0.23 0.16 0.65 / 0.35

Self Correction (Same-Model) 0.43 0.36 0.45 / 0.55
Self Correction (Cross-Model with Mistral) 0.57 0.50 0.40 / 0.60

Mistral

Zero-Shot 0.46 0.00 0.67 / 0.33
Chain-of-Thought (CoT) 0.43 -0.03 0.68 / 0.32
Self-Consistent CoT 0.63 0.17 0.78 / 0.22
Adaptive Consistent CoT 0.56 0.10 0.42 / 0.58

Self Correction (Same-Model) 0.71 0.25 0.50 / 0.50
Self Correction (Cross-Model with Llama3) 0.54 0.08 0.54 / 0.46

Table 1: Comparison of debiasing strategies across Llama3 and Mistral models. Accuracy and male/female bias
are reported per method. Accuracy Gain refers to the difference in accuracy between zero-shot settings and each
debiasing method. The highest accuracy, accuracy gain and most balanced bias are highlighted in bold.

which is the same as the number of samples in self-
consistency. We also observe from our experiments
that the iterations in self correction barely cross 5
and reach a full score in terms of coherence, com-
prehensiveness and objectivity without exhausting
the maximum number of iterations. We can thus
conclude that self correction does not incur more
computational costs than self-consistency, but has
significant gains in accuracy and robustness when
it comes to gender coreference resolution.

Gender Associations to Occupational Words
Mistral is seen to be less gender biased, as it pre-
dicts more occupations to be neutral at least once,
i.e., most of the occupational words are not pre-
dicted as only male or female for the majority of the
times, which is the behavior Llama3 exhibits in the
direct prompting techniques. We can thus infer that
Mistral is comparatively a low-bias model when
compared to Llama3. We also observe that the ex-
isting associations of certain occupational words
to gender (such as engineer and technician) are
reduced when applying self correction. This does
not necessarily mean that self correction predicts
perfect neutrality, but for all times that word is en-
countered, the majority is not male or female. This
shows that self correction encourages models to re-
flect and break learned associations of gender and
occupational words. Still, certain words are pre-
dicted in a biased manner. Words such as dietitian,
hairdresser, hygienist, and secretary are resolved

to female pronouns most of the time, while words
such as carpenter, electrician, firefighter, home-
owner, janitor, and officer are majorly resolved to
male pronouns, which is indicative of underlying
gender-biased associations.

Unknown Pronoun Prediction Tendencies Mis-
tral has a higher rate of predicting unknown pro-
nouns, which are those defined to not be part of
the list defined in Section 4. Mistral sometimes
fails to resolve the blanked-out space in the given
Winogender sentence template to a pronoun, but
gives an alternate grammatically and contextually
correct word instead. The most commonly ob-
served words are “the”, “it” and “the [occupa-
tion/participant]”. On the other hand, Llama3
clearly mentions grammatical reasoning in the CoT
responses and is shown to eliminate certain options
based on grammar alone. This shows its ability
to not only reason based on the given context, but
also ensure grammatical correctness, thus increas-
ing trust in its outputs. However, it is seen to predict

“he/she” rather than a gender-neutral pronoun in
multiple cases, showing its implicit bias toward
binary genders only. We can thus infer that it is
comparatively a high bias model, yet with sound
reasoning and grammaticality.

Responder and Feedback Generator Behavior
in Self Correction In a self correction frame-
work, Mistral as a responder sometimes ends up
reasoning about the sentence itself rather than rea-



soning about the potential pronouns, and hence
ends up rewording the given sentence as its final
answer, thus showing low task comprehension, yet
low bias in its answers. Predicting and reasoning to-
ward a gender-neutral pronoun is done mostly due
to inclusivity and quoting modern writing conven-
tions rather than from a grammatical perspective.
Llama3 is seen to consider not only the context of
the sentence, but also the grammatical structure to
arrive at its answer. Its tendency to default to bi-
nary pronouns remains, but on closer examination
of its reasoning process, we see that “they” or other
gender-neutral pronouns are often considered, yet
dismissed as they either do not fit in the grammat-
ical correctness of the sentence or are considered
to be plural by Llama3. Sometimes, it gives a pre-
diction based on language patterns or assumptions,
which is seen to exhibit gender bias, but it also
provides a sentence acknowledging that there are
no gender cues and hence it might be wrong, thus
suggesting maturity in reasoning. Moreover, when
a gender-neutral prediction is made, there is a clear
reasoning path following a dual-pronged approach
of logic and grammar. However, when the predic-
tion is gendered, there is not much mention of gram-
mar and the logic is not so strong. This supports the
claim that self-reflection and encouraging reason-
ing help reduce bias in LLMs. Mistral’s feedback
often includes gender neutrality concerns, unlike
Llama’s feedback, that advocates for structure, and
grammatical correctness. Mistral, when providing
feedback, references the Winogender sentence tem-
plate, but changes aspects of it, such as changing
singular words to their plural versions, or rewords
the sentence itself, which influences further itera-
tions of self correction to stray from the original
sentence formulation, thus leading to untrustworthy
results. These behavioral differences highlight the
need to not only understand the bias levels of differ-
ent LLMs, but also to understand the soundness of
reasoning and apply them as feedback generators
accordingly.

6 Limitations

Despite our efforts to investigate the gender neu-
trality of LLMs, we acknowledge certain short-
comings in our approach. Firstly, we use only
two open-source LLMs and not the current state-
of-the-art GPT models to perform our evaluation.
We were motivated by the lack of literature ad-
dressing bias mitigation in open-source models,

yet constrained by financial resources to compare
their performance to proprietary pay-per-use mod-
els. Secondly, we used templates from only the
Winogender dataset as input to the LLMs for prob-
ing their gender neutrality. Template-based ap-
proaches have been shown to be less representative
of real-life tasks, and hence natural sentence con-
tinuation prompts have recently been introduced
(Alnegheimish et al., 2022). In future work, we
plan on extending our evaluation to these prompts.
Thirdly, we were limited to English as our primary
language of evaluation, and we concede that our
experiments are very language-dependent as our
experiment formulation depends on pronoun pre-
diction, which differs from language to language.
Finally, our analysis does not account for differ-
ences in model size or the composition of training
data, both of which likely contribute to the ob-
served variations in bias, and thus, future work
might benefit from examining how these underly-
ing factors shape model behavior.

7 Conclusion

In this work, we demonstrated that self-correction
methods, particularly those using low-bias feed-
back generator models, are accurate, robust, and
computationally efficient approaches for gender
debiasing. Through directional bias analysis,
we found that underlying bias directions depend
largely on individual LLMs and can be balanced
using self-correction. Furthermore, while these
inference-time debiasing strategies show promise
in mitigating gender stereotypes through reasoning
and reflection, learned associations between gender
and certain occupational terms persist, motivating
the development of more bottom-up, data-driven
debiasing approaches. Finally, our qualitative anal-
ysis of LLM reasoning revealed that the emphasis
on gender debiasing versus logic and grammati-
cality varies across models, highlighting the need
to understand such tendencies in addition to bias
levels before selecting feedback generators for self-
correction frameworks.

Ethics Statement

In this work, we seek to understand how well LLMs
are able to predict the gender neutrality of a pro-
fession. In our evaluation, we acknowledge that
treating the singular use of they as the only un-
biased option may impose a normative linguistic
standard; while this aligns with many accessibil-



ity style guides, it is not universally accepted, and
thus risks conflating grammaticality with fairness.
While our experiments show the ability to mitigate
such associations and encourage LLMs to be more
inclusive to a certain extent, there remains con-
siderable room for improvement in increasing the
neutrality of these models. We do not fine-tune the
model and focus solely on inference-time solutions,
which may mask but not fully eradicate the biases
learned. Masking bias can be dangerous as it may
create a false sense of fairness, allowing underlying
stereotypes to persist in subtle ways, reduce trust
when such biases resurface in different contexts,
and hinder efforts to address the root causes of the
problem. We seek to highlight this issue to promote
future research in this direction toward achieving
complete mitigation of such potentially harmful
biases and stereotypes.
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