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Abstract

Large language models (LLMs) are known to
perpetuate stereotypes and exhibit biases. Pre-
vious work has proposed various strategies to
mitigate potential harms that may posed by
these biases. Yet, most work studies biases in
LLMs as a black-box problem, with less atten-
tion given to understanding how these biases
arise from the model’s internal mechanisms.
In this work, we utilize techniques from rep-
resentation engineering to study how the con-
cept of “gender” is represented within LL.Ms.
We introduce a new method that extracts con-
cept representations via probability weighting
without labeled data and efficiently selects a
steering vector for manipulating model out-
puts related to the concept. Additionally, we
present a projection-based method that allows
more precise steering of model predictions. We
demonstrate its application in identifying gen-
der representations for mitigating gender bias
in LLMs. We show that our method produces
steering vectors that better reflect the concept
learned by the model than the prevailing ap-
proach, difference-in-means. Moreover, we
demonstrate how the steering vectors can be
used to reduce gender biases in model outputs.

1 Introduction

Large language models (LLMs) are optimized for
making generalizations about the world based on
their training data. These systems risk amplify-
ing biases and inequities present in their training
data, potentially perpetuating harmful stereotypes
and resulting in discriminatory outcomes. To ad-
dress these concerns, various mitigation strategies
have been proposed, including techniques based on
prompt engineering (Ganguli et al., 2023; Kaneko
et al., 2024), fine-tuning (Chintam et al., 2023;
Ranaldi et al., 2024), modified decoding (Lu et al.,
2021; Liu et al., 2021), and detection (Inan et al.,
2023; Fan et al., 2024). However, these methods
often require domain knowledge about the appli-

cation task, and fine-tuning incurs computational
costs.

While much research has explored gender bias
in LLMs through a black-box approach, less atten-
tion has been paid to how these biases arise from
the model’s internal workings. Recent work on
representation engineering provides insights into
varied abstract features within the internal repre-
sentations of LLMs (Zou et al., 2023), such as sen-
timent (Tigges et al., 2023), spatiotemporal infor-
mation (Gurnee and Tegmark, 2024), and true/false
statements (Marks and Tegmark, 2024). Several
studies have also demonstrated promising results
in effectively controlling model behaviors by mod-
ifying their feature representations (Turner et al.,
2023; Rimsky et al., 2024; Arditi et al., 2024).

In this work, we leverage activation steering
(also known as activation engineering), to study
how the concept of gender encoded in the internal
representations of LLMs affects their predictions
and to mitigate biases at inference time. We draw
inspiration upon the gender schema theory (Bem,
1981), which describes the cognitive process of
“gendering”—dividing entities into masculine and
feminine categories—and its subsequent impact on
individuals’ behaviors. We examine the internal
mechanisms of gendering in LL.Ms that influence
the extent of biased predictions made by the model.

Contribution. We propose a novel method that
extracts linear representations from LLMs for steer-
ing model predictions associated with a given con-
cept (Section 3). While existing methods for com-
puting steering vectors rely on labeled data, we
compute them using probability weighting without
explicit data annotations. In addition, we introduce
metrics to efficiently select a steering vector with-
out exhaustive searches as was required by most
previous methods. We show that steering vectors
produced by our method exhibit a higher correla-
tion with gender bias in model outputs than the pre-



vailing difference-in-means method (Section 3.4).
We then present an approach for applying steer-
ing vectors with more precise control (Section 4).
We demonstrate the effectiveness of our steering
vectors and method for applying them in reducing
gender bias on the in-distribution task (Section 4.2)
and its potential to generalize to other application
tasks (Section 4.3).

2 Background

This section provides background on gender bias
and activation steering for LLMs.

2.1 Gender Bias

The concept of gender is contested and multi-
faceted, encompassing a person’s self-identity and
expression, the perceptions held by others, and the
social expectations imposed upon them (Devinney
et al., 2022). We adopt Ackerman (2019)’s defini-
tion of conceptual gender—the gender expressed,
inferred, and used by a model to classify a referent
through explicit (e.g., pronouns) or implicit asso-
ciations (e.g., stereotypes). While some gender
notions are multi-dimensional, we assume a simple
setting where gender may be encoded in a one-
dimensional subspace of LLMs. We define gender
bias as the prediction difference arising from con-
ceptual differences in model representations of fem-
ininity and masculinity, which may or may not lead
to undesirable outcomes (e.g., negative stereotypes
and discrimination).

2.2 Activation Steering

Activation steering is an inference-time interven-
tion that steers model outputs by deliberately per-
turbing the model’s activations (Turner et al., 2023).
These activations (or residual stream activations)
refer to the intermediate outputs aggregated from
the preceding layers (Elhage et al., 2021). Model
activations may be modified by applying steering
vectors, which can be computed by different meth-
ods methods (Tigges et al., 2023), including logis-
tic regression, principal component analysis, and
the most widely used, difference-in-means.
Consider a decoder-only transformer model,
trained with a set of token vocabulary V. The
model makes predictions by mapping each input
x = (1,22, ...,2¢) € V to output probability dis-
tributions y € RIVl. Given two sets of prompts,
difference-in-means (MD) computes a candidate
vector for each layer [ € L as the difference in

activation means (Marks and Tegmark, 2024):
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where hﬁf) denotes the activation of input x at to-

ken position ¢ and model layer [. The prompts in
D4 and Dg are usually constructed with inputs of
two contrasting concepts. While some work con-
siders the last n tokens, we follow most studies by
computing vectors with only the activation at the
final position. This vector is assumed to capture
the internal representation changes that would elicit
the desired model behavior.

Based on the candidate vectors of a size |L|,
previous work often performs a brute-force search
across layers to select the one with the optimal inter-
vention performance (Arditi et al., 2024). During
inference time, the steering vector can be applied
using activation addition (Rimsky et al., 2024),
which intervenes in the forward pass of an input as:

RO — B + cul)

where c is the steering coefficient which can be
either positive or negative. This intervention is usu-
ally applied at the same layer from which the vector
is extracted and across all input token positions.

3 Finding a Steering Vector

Our goal is to derive a steering vector that captures
how the concept of gender is encoded in a model
and that allows us to manipulate the representa-
tion’s gender signal in a controlled way. In this
section, we introduce a method for extracting candi-
date vectors (Section 3.1) and an efficient approach
for selecting the steering vector (Section 3.2). Sec-
tion 4 discusses how we apply that steering vector
at inference time.

3.1 Extracting Candidate Vectors

Let A and B denote two different concepts (e.g.,
femaleness and maleness) each of which can be
identified by an associated set of tokens. We mea-
sure the extent of A and B presented in a model
for an input prompt x € D based on its prediction
output. We define the disparity score between the
two concepts for an input x as:

s2 = Py(A) — Py(B)

where P, (A) is the probability of predicting con-
cept A in the last token position output of z, ag-
gregated over tokens for A. The disparity score



indicates how likely an input would trigger the
model to predict one concept over another in the
next token prediction.

Let f denote a function that maps each prompt
x € D to a partition as follows:

Dy ifsy >0
f(x) =< Dp ifs, <—6

D, otherwise (Isz] <9)

where J is a score threshold that determines which
concept the input is more likely associated with.
Partition D, represents neutral prompts that do not
strongly relate to either concept.

In contrast to MD, which computes the activation
mean difference between D4 and Dp, we incor-
porate neutral prompts with probability weighting
to filter out any signals unrelated to the target con-
cepts. This allows the vector to capture a more
generalized representation of A and B, which can
be applied to inputs from other distributions. Sup-
pose the average activation of neutral inputs D,, is
EE,“. For each layer [ € L, a candidate vector is
computed as the weighted mean activation differ-
ence with respect to the neutral representations:

v =P — 5V M
0 R
where vg) = 2oz, bl ) 2)
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We denote hg ) as the activation of input x in the
last token position at layer /. The original input
activations are position vectors measured from the
origin of the latent space. However, this origin may
differ from where the actual neutral position lies.
To resolve this, we first offset each input activation
hg ) by the average neutral activations E(()l). We
then compute the aggregated vector representations
for each concept by weighting the adjusted input
activations by their corresponding disparity scores.
The resulting candidate vector, v¥), is simply the
unit vector representation difference between A
and B.

3.2 Selecting a Steering Vector

We assume that the ideal vector would reflect the
desired concept signal in both its direction and mag-
nitude. It should be able to distinguish the concept
that is more relevant to an input and to what extent.
Under this assumption, we can evaluate the vectors
similarly to a linear classifier. We compute a score

using the projection measured on the candidate vec-
tor to classify each input. Given a separate set of
prompts, D', drawn from the same distribution as
D. We assess the linear separability of each candi-
date vector v € {v(V};c1, by the root mean square
error (RMSE) as:
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where proj,,x is the vector projection of latent state

activations hg) on vector v given input x. The
indicator function Igign (-) returns O if the scalar
projection and disparity score of an input have the
same sign, and 1 if they have different signs. A
vector v perfectly differentiates the concepts in
direction when RMSE,, = 0.

To evaluate how well a candidate vector captures
the desired property, we compute the Pearson cor-
relation between the scalar projection ||proj, ||
and the disparity score s, for each x € D'. We
filter the last 5% layers close to the output (Arditi
et al., 2024) and select the final steering vector at
the layer with the lowest RMSE score.

3.3 Experimental Setup

We test whether our method can find a steering vec-
tor that represents the concept of gender encoded
in a model and is more effective than the prevail-
ing method, difference-in-means (MD), in captur-
ing this concept. We assume that gender is repre-
sented linearly along the dimension of feminine—
masculine concepts, where we consider femaleness
as concept A and maleness as B in our setup.

Dataset. The gendered language dataset consists
of sentences generated by ChatGPT with gender-
coded lexicons (Soundararajan et al., 2023), in-
cluding adjectives that reflect stereotypical traits or
characteristics of a certain gender (Gaucher et al.,
2011; Cryan et al., 2020). Each sentence is labeled
with the gender described and whether it is consis-
tent or contradictory to the gender stereotypes. As
most sentences contain gender-definitional terms,
we replace them with their neutral terms for half of
the dataset. These sentences can help test the sensi-
tivity of vectors to more neutral inputs that may or
may not encode gender information. We split the
dataset into a training set for vector extraction and
a validation set for evaluating the vectors.

Models. We conduct the experiments with sev-
eral popular open-source chat models (QWEN-
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Figure 1: Candidate vector performance across model layers. The left y-axis shows the Pearson correlation between
disparity scores measured in the model outputs and projections computed on the candidate vector. The right y-axis
evaluates the linear separability for distinguishing the concepts, measured by the root mean square error (RMSE).

1.8B and 7B, LLAMA-2-13B) and instruc-
tion models (LLAMA-3.1-8B, GRANITE-3.1-
8B, MINISTRAL-8B, MISTRAL-NEMO-12B, and
OLMO0-2-7B). Appendix B provides information
about the references and model cards.

Our prompts ask the model to respond with the
gender indicated in the given sentence followed by
a sentence from the dataset. Since some models
do not directly respond with a gender-related to-
ken, we add an output prefix to guide the model
to produce more relevant outputs in the next token
prediction. For each gender concept, we randomly
sample 800 prompts that satisfy the requirements
of Equation 1 for extracting the candidate vectors.
The number of neutral prompts varies by model,
but we subsample them if the size is larger than ei-
ther the set of female or male prompts. The default
score threshold ¢ is set to 0.05, but we compare
results using different ¢ in Section 5.2. Appendix A
provides more details, including the list of gender
tokens used for computing the disparity scores.

3.4 Results

We evaluate the quality of candidate vectors
extracted using our proposed method with the
weighted mean difference (WMD) and prior ap-
proach difference-in-means (MD).

Figure 1 shows the candidate vector performance
on the validation set across all model layers, mea-
sured by RMSE and the projection correlation.
Across all eight models we tested, both methods
show a higher correlation between the vector pro-
jections and disparity scores and a lower RMSE
score as the layer number increases. This suggests
that the gender representations are generalized in
later model layers. This aligns with previous find-
ings that high-level concepts tend to emerge in
middle to later layers (Zou et al., 2023; Rimsky
et al., 2024). Results for other models are provided
in Appendix C.1.
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Figure 2: Disparity score and scalar projection measured
for each input from the validation set. We evaluate at
the layer where the vector has the lowest RMSE.

The best candidate vectors identified by WMD
show a strong correlation with the disparity scores
in model outputs and a high linear separability be-
tween the concepts of femaleness and maleness.
We find that WMD maintains a consistently higher
correlation than MD across six of the models while
showing a similar correlation for the other two mod-
els. The two methods show the largest performance
gap for QWEN-7B model where the projection cor-
relation of WMD is around 0.28% higher than the
optimal layer of MD (Table 1). While both meth-
ods can identify layers with a low RMSE =~ 0, the
scores for WMD remain consistently lower than
MD at layers with the highest correlation.

Figure 2 compares the disparity scores and scalar
projections measured for each input prompt with
the steering vector selected at the optimal layer.
Ideally, the projections should align closely with
the green dashed line in the figure, reflecting a pos-



itive correlation with the disparity scores measured
in model outputs. Our proposed method WMD
yields a better correlation with the disparity scores,
where inputs with a higher disparity show a larger
projection value, as measured by the selected steer-
ing vector. It also reflects the degree of disparities
more equally in both female and male directions.
While MD does capture the gender representations
to some extent, it poorly reflects with inputs more
associated with the male concept where s, < 0,
as shown in Figure 2b for QWEN-7B model. For
some of these inputs, the projections on the steer-
ing vector indicate a higher degree of female signal.
This imbalance in generalization may impact their
steering performance, which we demonstrate this
results in the next section.

4 Applying Steering Vectors

Previous works mostly consider contexts in which
the model only needs to be steered in a particular
direction or assume that the target directions are
known in advance. However, in contexts such as
bias mitigation, we need to apply steering based
on the type of input, which may be unknown at
deployment. We describe our method for applying
the steering vector and demonstrate its efficacy in
mitigating bias.

4.1 Intervention Method

Since a model can exhibit varied degrees of bias
to different inputs, applying the steering vector
with activation addition uniformly may result in
over-correction or insufficient mitigation. To ob-
tain more precise control, we improve upon prior
approaches by applying the steering vector scaled
by the latent projection for each input x:

hl, = hy + )\ - proj,

where ) is the steering coefficient. We apply this
operation across all token positions of x but at only
the layer from which v was extracted. The model
becomes more biased to A when A > 0 and to B
when A < 0.

To mitigate bias, we can simply set the steering
coefficient A to —1, which steers the latent state of
an input by the extent of bias reflected in the projec-
tion. This formulation is similar to the directional
ablation approach proposed by Arditi et al. (2024),
which also considers vector projections. However,
they show that this approach, using steering vectors
computed by MD, can only be used for removing

a single concept (in one direction) and requires in-
terventions across all model layers. In contrast, our
aim is not to erase concepts but to steer a model
such that it cannot distinguish the concepts from
the input’s latent states.

4.2 Steering for Bias Mitigation

We evaluate the effectiveness of steering vectors
selected using the method described in Section 3.4
in mitigating gender bias. We apply the steering
vectors with our proposed projection-based debi-
asing method and measure the bias score on the
validation set, computed as the root mean square
(RMS) of disparity score s,.

Table 1 reports the bias scores before and after
debiasing for each model. After applying the inter-
vention, it shows a significant reduction in the bias
score for all models. The intervention is particu-
larly effective for MINISTRAL-8B and MISTRAL-
NEMO-12B instruction models with bias scores
reduced to nearly zero. In addition, the results sug-
gest that the projection and bias score correlation 7
is a good indicator of the intervention performance.
Models with a higher value of r show a greater
decrease in the bias score after intervention.

To analyze the impact of intervention on differ-
ent inputs, we compare the bias score difference
and the scalar projection of each input, as shown in
Figure 3. We apply the same intervention method
for both steering vectors computed by MD and
WMD. The projections of all data points are mea-
sured on the baseline model with no intervention.
The second and fourth columns are simply the dif-
ference computed from the figure on their left and
colored by the input’s baseline bias direction. De-
biasing with WMD’s steering vectors works as in-
tended where more biased inputs show a larger
difference in their bias scores after debiasing while
less biased inputs are less affected. However, the in-
puts tend to be over- or under-corrected in their bias
scores when using steering vectors computed by
MD. As our intervention approach depends on the
projection of each input, the mitigation becomes
less effective when the steering vector fails to sepa-
rate the bias direction or does not reflect well with
model bias.

4.3 Steering Transferability

We evaluate the robustness of steering vectors com-
puted using our method by testing whether a steer-
ing vector extracted using one dataset transfers ef-
fectively to other tasks.



Baseline MD WMD Modal Interval
Model Bias | Layer r  Bias | Layer r  Bias
LLAMA-2-13B 049 | 29 081 0.28 37 085 0.16 | [-0.33,0.18]
LLAMA-3.1-8B 0.65 26 084 0.60| 25 098 0.32 | [-0.23,0.15]
MINISTRAL-8B 050 | 30 095 0.05 27 095 0.07 | [-0.10,0.12]
MISTRAL-NEMO-12B  0.65 35  0.89 0.08 37 098 0.02 | [-0.32,0.00]
QWEN-1.8B 0.53 19 088 0.14 19 088 0.14 | [-0.95,0.99]
QWEN-7B 0.51 26 069 032| 29 088 0.2 | [-0.27,0.22]
GRANITE-3.1-8B 0.63 37 096 0.27 37 097 0.24 | [-0.05,0.05]
OLMo-2-7B 0.63 29  0.88 047 27 090 0.37 | [-0.44,0.16]

Table 1: Debiasing performance and projection correlation 7 of the selected steering vector evaluated on the
validation set. The bias score is computed by the root mean square (RMS) of disparity scores. We report the bias
score for the baseline model with no intervention and after applying steering vectors computed by MD and WMD.
The layer indicates the layer number from which the steering vector is selected.
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Figure 3: Disparity scores s, before and after debiasing the model with the steering vector. The x-axis indicates the

scalar projection of each input before intervention.

4.3.1 Evaluation Tasks
We consider two gender bias tasks:

Winogenerated (Perez et al., 2023) is a human
validated version of the Winogender pronoun reso-
lution task (Rudinger et al., 2018) that is 50 times
larger than the original datset. The model is in-
quired to fill in the missing blank with a pronoun
for a given sentence (e.g., “The surgeon assured
the patient that __would do the best possible job.”).
The response can be either a male, female, or
gender-neutral pronoun. We report the bias score
by the prediction probability difference between
the female and male pronouns after normalizing
the probabilities over all three pronoun options.

Occupational Stereotypes. We construct a
question-answering style task that asks the model,
What does [NAME] work as at the [INDUS-
TRY/WORKPIACE]?. We use terms from nine
different industries (e.g., technology, healthcare)
and 100 first names commonly associated with each
female, male, and gender-neutral group. We mea-
sure the frequency of job titles mentioned in the
model’s generated response for each group under

the model’s default temperature setting. Note that
the prompts do not contain any explicit gendered
words except for names that may encode gender
information.

Appendix D provides further details on the con-
struction of both tasks.

4.3.2 Results

We apply the same debiasing approach described in
Section 4.1 using steering vectors computed by our
method with the gendered language dataset. Fig-
ure 4 shows the results of the Winogenerated task
for QWEN-1.8B, comparing bias scores of each
input before and after intervention. Despite using
the gendered language dataset to extract the steer-
ing vector, the steering vector is still able to reflect
bias in model outputs, with a correlation of 0.82 be-
tween the projections and bias scores. However, we
find that the input projections do not align well with
the bias score direction. As shown in the top left
of Figure 4, most inputs have a projection above 0,
indicating a higher degree of female signal than the
actual bias score. This leads to under-correction
for the originally male-biased inputs. This result
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Figure 4: Bias scores and projections evaluated on the
Winogenerated dataset for QWEN-1.8B model. The
color indicates the results before or after debiasing. The
offset readjusts the input activations by offsetting them
by the average activations of examples sampled from
Winogenerated.

may attributed to the difference in the underlying
distribution between this dataset and the one we
used for computing the vector. We tried using a
higher magnitude of A to —1.5 (top right in Fig-
ure 4). This increases the impact of the steering,
but neither reduces the bias nor resolves the issue
of the misalignment.

To resolve the misalignment, we readjust the
input activations by offsetting them with the acti-
vation mean of % of the Winogenerated examples
at the last token position. We find that this ap-
proach improves the efficacy of debiasing. In the
bottom left of Figure 4, we apply the offset with a
value of A = —1.5, which leads to a higher number
of inputs with bias scores that are closer to zero.
Moreover, setting the value of A = —2 results in a
mirrored image of the original data points (bottom
right of Figure 4). This suggests that the model
is steered towards the direction as intended where
the biased inputs are moved towards the opposite
gender direction.

In Figure 5, we assess the projection of each
prompt using QWEN-1.8B for five industries in the
occupational stereotypes task. Despite the lack of
explicit gender wording in prompts, the projections
measured indicate that the model can still infer
gender signals from the input. The projections also
correspond to the gender associated with the names
provided in the prompts. Masculine names show
higher negative projection values, while feminine
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Figure 5: Input projections of the occupational stereo-
types task, evaluated on QWEN-1.8B at the last token
position. The color indicates the gender associated with
the name used in the prompt.

names exhibit higher positive projections. Gender-
neutral names tend to have the lowest magnitude
of projections.

We analyze the frequency of job titles predicted
for feminine and masculine names, comparing their
frequency differences before and after debiasing
with steering vectors. Similar to the Winogenerated
task, we also apply an offset to counteract potential
distribution shifts. Figure 6 displays the predicted
job titles in the technology and healthcare sectors
with the most gender disparities. Prior to interven-
tion, the model exhibits the largest discrepancies in
predicting “software engineer” and “product man-
ager” in technology and “nurse” and “doctor” in
healthcare. After debiasing, there is a noticeable
decrease in the frequency gap for most of the top
predicted job titles. It also increases the relative
prediction frequency of more neutral titles, such as
"healthcare professional," for masculine names.

5 Analysis

This section analyzes the impact of disparity score
distribution and the choice of score threshold A on
the resulting steering vectors’ quality and interven-
tion performance.

5.1 Impact of Disparity Score Distribution

We analyze how the disparity scores of the training
set for extracting vectors may impact the quality
and intervention performance of steering vectors.
Figure 7 (and Figure 11 in Appendix C.3) shows
the disparity score probability distribution over the
entire training set for each model. Most models
exhibit a similar tri-modal distribution pattern with
three distinct peaks located around -1, 0, and 1, ex-
cept for QWEN-1.8B which shows a unimodal dis-
tribution (see Figure 11). This demonstrates these
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models’ ability and tendency for “gendering” texts
into female and male categories. We compute the
mode intervals of the distribution using the Skinny-
Dip algorithm (Maurus and Plant, 2016), based on
the dip test of unimodality (Hartigan and Hartigan,
1985), as shown by the shaded areas in Figure 7.
Our results suggest that models with a wider center
modal interval, like LLAMA-3.1-8B and OLMo-
2-7B, show less effective debiasing performance
with steering (Table 1). Furthermore, we find that
models with less prominent peaks in their distri-
bution, such as LLAMA-2-13B and QWEN in Fig-
ure 11, also show a lower projection correlation in
their steering vectors.
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Figure 8: Bias scores after intervention using steering
vectors computed by eight different threshold scores for
constructing the training set, where § = [0.01, 0.3].

5.2 Varying Disparity Score Threshold

Results shown in both Section 3.4 and Section 4.2
are based on the same score threshold § of 0.05. We
test the robustness of both vector extraction meth-
ods under different threshold values and measure
their resulting steering vector’s debiasing perfor-
mance on the same validation set. We use eight
different values of § from 0.01 to 0.3 with increas-
ing increments. Figure 8 shows the range of RMS
bias scores after debiasing under different § across
all eight models. achieves comparable debiasing
effects across all models, with a difference of less
than 0.05 in bias scores for the same model. MD
exhibits the largest discrepancy in bias scores for
the LLAMA-3.1-8B model, with a difference of
0.1. While MD does not show a significant change
in bias scores for most models, the bias scores con-
sistently remain higher than those of WMD after
debiasing.

6 Conclusion

This paper introduces a new method for computing
steering vectors to control model outputs related
to a specific concept. We demonstrate its effec-
tiveness in finding gender steering vectors that ex-
hibit a stronger correlation with the gender concept
compared to the widely-used method. Further, we
present a technique for applying this steering vec-
tor to reduce gender bias in model prediction. Our
results show that it significantly decreases bias for
the in-distribution task and shows promising results
when transferred to different contexts.

Limitations

Our work studies gender representations in LLMs,
specifically through the feminine—masculine spec-
trum. We acknowledge the limited scope of our
approach, as it examines gender through a single



dimension, which oversimplifies the complex, mul-
tifaceted nature of gender identity and expression.
Moreover, our emphasis on the binary spectrum
fails to account for non-binary and fluid gender
identities. Another critical limitation relates to the
phenomenon of fairness gerrymandering (Kearns
et al., 2018), which suggests models may appear to
be fair along individual demographic dimensions
while exhibiting biases against intersectional sub-
groups. Our one-dimensional approach may mask
disparities affecting the intersection of multiple de-
mographic dimensions. While our initial results on
the transferability of steering vectors are promis-
ing, they require further rigorous testing. Future
research should expand the scope of evaluation to
a broader range of tasks and adopt a more compre-
hensive approach that considers the intersectional-
ity of gender with other social identities.
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A Dataset

We split the dataset in half into training and validation sets. For each gender concept, we sample 800
each for extracting the candidate vectors. The number of neutral prompts varies by model. We randomly
sample 1600 prompts from the validation split for evaluation.

A.1 Target Gender Tokens

We construct the target gender tokens based on the following while including tokens of their uppercase
and ones added with a prefix space (e.g., “__she”):

* Female tokens: female, females, feminine, she, her, hers, woman, women, girl, girls, ¢

* Male tokens: male, males, masculine, he, his, him, man, men, boy, boys, &

A.2 Prompt Instructions

Train set [instruction | output prefix]

What is the gender mentioned in the following? | The gender mentioned is

Determine the gender identity described in the following sentence. | The gender identity described in the sentence is
Identify the gender described in the following. | The gender described is

Output the gender suggested in the following. | The gender suggested is

Output the gender identity indicated in the sentence. | The gender identity indicated in the sentence is
Output the gender encoded in the text. | The gender encoded in the text is

Respond with the embedded gender in the text that follows. | The gender embedded in the text is
Reply with the gender denoted by the text as follows. | The gender denoted by the text is

Answer with the gender depicted in the sentence. | The gender depicted in the sentence is

Return the gender specified in the text. | The gender specified in the text is

Return the embedded gender in the text that follows. | The embedded gender in the text is

Provide the gender implied in the following text. | The gender implied in the text is

Provide the gender reflected in the following sentence. | The gender reflected in the sentence is

State the gender identity inferred from the sentence. | The gender identity inferred from the sentence is
State the gender implied in the text. | The gender implied in the text is

Specify the gender suggested in the text. | The gender suggested in the text is

Reveal the gender inferred in the text. | The gender inferred in the text is

From the following sentence, indicate the gender identity. | The gender identity in the sentence is
Based on the following details, reply with the gender implied. | The gender implied is

Based on the information provided, state the associated gender identity. | The gender identity in the provided information is

Validation set [instruction | output prefix]

Determine the gender entailed in the text. | The gender entailed in the text is

Determine the gender identity suggested in the sentence. | The gender identity suggested in the sentence is
Identify the gender indicated in the statement. | The gender indicated in the statement is

Output the gender suggested in the sentence. | The gender suggested in the sentence is

Output the gender inferred in the text. | The gender inferred in the text is

Respond with the gender specified in the text that follows. | The gender specified in the text is

Answer with the gender denoted below. | The gender denoted is

Return the gender portrayed in the sentence. | The gender portrayed in the sentence is

Provide the gender described in the following text. | The gender described in the text is

State the gender denoted in the text. | The gender denoted in the text is

Reply with the gender mentioned in the text. | The gender mentioned in the text is

From the following sentence, indicate the gender identity. | The gender identity described in the sentence is
Based on the following, respond with the associated gender. | The gender associated with the text is

Based on the given information, output the gender depicted. | The gender depicted in the given information is

B Models
C Additional Results

C.1 Candidate Vector Performance
C.2 Steering for Bias Mitigation
C.3 Disparity Score Distribution
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Model Reference Model Card

QWEN-1.8B . Qwen/Qwen-1_8B-Chat
QWEN-7B Bai etal. (2023) Qwen/Qwen-7B-Chat
LrLamMA2-13B Touvron et al. (2023) meta-llama/Llama-2-13b-chat-hf
LLAMA3-8B Dubey et al. (2024) meta-llama/Llama-3.1-8B-Instruct

MINISTRAL-8B Mistral Al team (2024b)  mistralai/Ministral-8B-Instruct-2410

MISTRAL-NEMO-12B  Mistral Al team (2024a) mistralai/Mistral-Nemo-Instruct-2407
OLMO02-7B OLMo et al. (2024) allenai/OLMo-2-1124-7B-Instruct
GRANITE3.1-8B Granite Team (2024) ibm-granite/granite-3.1-8b-instruct

Table 2: Model cards used in the experiments.
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Figure 9: Candidate vector performance across model layers. The left y-axis shows the Pearson correlation between
disparity scores measured in the model outputs and projections computed on the candidate vector. The right y-axis
evaluates the linear separability for distinguishing the concepts, measured by the root mean square error (RMSE).
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Figure 10: Disparity scores before and after debiasing the model with the steering vector. The x-axis indicates the
scalar projection of each input before intervention.
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Figure 11: Probability distribution of disparity scores over the entire training set from which the prompts used for
extracting vectors are sampled.
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D Steering Transferability

D.1 Task Construction
D.1.1 Winogenerated

7

Instruction : Please fill in the missing blank in this sentence with a pronoun, either [PRONOUNT],
[PRONOUNZ2], or [PRONOUN3]: [SENTENCE]
Response : [SENTENCE] (first half of the sentence before the missing blank)

D.1.2 Occupational Stereotypes

Instruction : Question: What does [NAME] work as at the [INDUSTRY/WORKPLACE]?
Response : Answer: [NAME] works as a

Term replacements for [INDUSTRY/WORKPLACE], categorized by the industry:

. Technology: tech industry, technology sector, information technology industry, IT industry
. Legal: legal industry, law sector, legal service industry

. Healthcare: hospital, healthcare industry, pharmaceutical industry

. Public: government sector, public sector, state government, public services industry

. Education: education industry, educational services sector, education sector

. Finance: financial sector, finance industry, business sector, financial services industry
. Entertainment: media industry, media sector, entertainment industry

1

2

3

4

5

6. Sales: retail industry, marketing industry, sales industry, commercial industry

7

8

9. Industrial: manufacturing industry, industrial sector, transportation industry
D.2

Additional Results on Steering Transferability
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Figure 12: Input projections of the occupational stereotypes task, evaluated on QWEN-1.8B-CHAT at the last token
position. The color indicates the gender associated with the name used in the prompt.
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Education

software engineer
counselor
curriculum specialist
secondary school headmaster
headmaster

school librarian
professor

school counselor
school

consultant
researcher

teacher
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Legal

litigation attorney
legal services provider
legal services administrator
legal administrator
legal executive

legal recruiter

senior associate
barrister

legal service lawyer
legal professional
legal assistant

lawyer

-40

Figure 13: Difference in job title prediction frequency when prompted with feminine names compared to masculine
names. The color represents the difference before and after debiasing on QWEN-1.8B-CHAT. The y-axis shows the
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top 12 titles with the largest prediction gap.
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