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Abstract

Large language models (LLMs) are known to001
perpetuate stereotypes and exhibit biases. Pre-002
vious work has proposed various strategies to003
mitigate potential harms that may posed by004
these biases. Yet, most work studies biases in005
LLMs as a black-box problem, with less atten-006
tion given to understanding how these biases007
arise from the model’s internal mechanisms.008
In this work, we utilize techniques from rep-009
resentation engineering to study how the con-010
cept of “gender” is represented within LLMs.011
We introduce a new method that extracts con-012
cept representations via probability weighting013
without labeled data and efficiently selects a014
steering vector for manipulating model out-015
puts related to the concept. Additionally, we016
present a projection-based method that allows017
more precise steering of model predictions. We018
demonstrate its application in identifying gen-019
der representations for mitigating gender bias020
in LLMs. We show that our method produces021
steering vectors that better reflect the concept022
learned by the model than the prevailing ap-023
proach, difference-in-means. Moreover, we024
demonstrate how the steering vectors can be025
used to reduce gender biases in model outputs.026

1 Introduction027

Large language models (LLMs) are optimized for028

making generalizations about the world based on029

their training data. These systems risk amplify-030

ing biases and inequities present in their training031

data, potentially perpetuating harmful stereotypes032

and resulting in discriminatory outcomes. To ad-033

dress these concerns, various mitigation strategies034

have been proposed, including techniques based on035

prompt engineering (Ganguli et al., 2023; Kaneko036

et al., 2024), fine-tuning (Chintam et al., 2023;037

Ranaldi et al., 2024), modified decoding (Lu et al.,038

2021; Liu et al., 2021), and detection (Inan et al.,039

2023; Fan et al., 2024). However, these methods040

often require domain knowledge about the appli-041

cation task, and fine-tuning incurs computational 042

costs. 043

While much research has explored gender bias 044

in LLMs through a black-box approach, less atten- 045

tion has been paid to how these biases arise from 046

the model’s internal workings. Recent work on 047

representation engineering provides insights into 048

varied abstract features within the internal repre- 049

sentations of LLMs (Zou et al., 2023), such as sen- 050

timent (Tigges et al., 2023), spatiotemporal infor- 051

mation (Gurnee and Tegmark, 2024), and true/false 052

statements (Marks and Tegmark, 2024). Several 053

studies have also demonstrated promising results 054

in effectively controlling model behaviors by mod- 055

ifying their feature representations (Turner et al., 056

2023; Rimsky et al., 2024; Arditi et al., 2024). 057

In this work, we leverage activation steering 058

(also known as activation engineering), to study 059

how the concept of gender encoded in the internal 060

representations of LLMs affects their predictions 061

and to mitigate biases at inference time. We draw 062

inspiration upon the gender schema theory (Bem, 063

1981), which describes the cognitive process of 064

“gendering”—dividing entities into masculine and 065

feminine categories—and its subsequent impact on 066

individuals’ behaviors. We examine the internal 067

mechanisms of gendering in LLMs that influence 068

the extent of biased predictions made by the model. 069

Contribution. We propose a novel method that 070

extracts linear representations from LLMs for steer- 071

ing model predictions associated with a given con- 072

cept (Section 3). While existing methods for com- 073

puting steering vectors rely on labeled data, we 074

compute them using probability weighting without 075

explicit data annotations. In addition, we introduce 076

metrics to efficiently select a steering vector with- 077

out exhaustive searches as was required by most 078

previous methods. We show that steering vectors 079

produced by our method exhibit a higher correla- 080

tion with gender bias in model outputs than the pre- 081
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vailing difference-in-means method (Section 3.4).082

We then present an approach for applying steer-083

ing vectors with more precise control (Section 4).084

We demonstrate the effectiveness of our steering085

vectors and method for applying them in reducing086

gender bias on the in-distribution task (Section 4.2)087

and its potential to generalize to other application088

tasks (Section 4.3).089

2 Background090

This section provides background on gender bias091

and activation steering for LLMs.092

2.1 Gender Bias093

The concept of gender is contested and multi-094

faceted, encompassing a person’s self-identity and095

expression, the perceptions held by others, and the096

social expectations imposed upon them (Devinney097

et al., 2022). We adopt Ackerman (2019)’s defini-098

tion of conceptual gender—the gender expressed,099

inferred, and used by a model to classify a referent100

through explicit (e.g., pronouns) or implicit asso-101

ciations (e.g., stereotypes). While some gender102

notions are multi-dimensional, we assume a simple103

setting where gender may be encoded in a one-104

dimensional subspace of LLMs. We define gender105

bias as the prediction difference arising from con-106

ceptual differences in model representations of fem-107

ininity and masculinity, which may or may not lead108

to undesirable outcomes (e.g., negative stereotypes109

and discrimination).110

2.2 Activation Steering111

Activation steering is an inference-time interven-112

tion that steers model outputs by deliberately per-113

turbing the model’s activations (Turner et al., 2023).114

These activations (or residual stream activations)115

refer to the intermediate outputs aggregated from116

the preceding layers (Elhage et al., 2021). Model117

activations may be modified by applying steering118

vectors, which can be computed by different meth-119

ods methods (Tigges et al., 2023), including logis-120

tic regression, principal component analysis, and121

the most widely used, difference-in-means.122

Consider a decoder-only transformer model,123

trained with a set of token vocabulary V . The124

model makes predictions by mapping each input125

x = (x1, x2, ..., xt) ∈ V to output probability dis-126

tributions y ∈ R|V|. Given two sets of prompts,127

difference-in-means (MD) computes a candidate128

vector for each layer l ∈ L as the difference in129

activation means (Marks and Tegmark, 2024): 130

u(l) =
1

|DA|
∑
x∈DA

h(l)
xi

− 1

|DB|
∑
x∈DB

h(l)
xi

131

where h
(l)
xi denotes the activation of input x at to- 132

ken position i and model layer l. The prompts in 133

DA and DB are usually constructed with inputs of 134

two contrasting concepts. While some work con- 135

siders the last n tokens, we follow most studies by 136

computing vectors with only the activation at the 137

final position. This vector is assumed to capture 138

the internal representation changes that would elicit 139

the desired model behavior. 140

Based on the candidate vectors of a size |L|, 141

previous work often performs a brute-force search 142

across layers to select the one with the optimal inter- 143

vention performance (Arditi et al., 2024). During 144

inference time, the steering vector can be applied 145

using activation addition (Rimsky et al., 2024), 146

which intervenes in the forward pass of an input as: 147

h(l)
x = h(l)

x + cu(l) 148

where c is the steering coefficient which can be 149

either positive or negative. This intervention is usu- 150

ally applied at the same layer from which the vector 151

is extracted and across all input token positions. 152

3 Finding a Steering Vector 153

Our goal is to derive a steering vector that captures 154

how the concept of gender is encoded in a model 155

and that allows us to manipulate the representa- 156

tion’s gender signal in a controlled way. In this 157

section, we introduce a method for extracting candi- 158

date vectors (Section 3.1) and an efficient approach 159

for selecting the steering vector (Section 3.2). Sec- 160

tion 4 discusses how we apply that steering vector 161

at inference time. 162

3.1 Extracting Candidate Vectors 163

Let A and B denote two different concepts (e.g., 164

femaleness and maleness) each of which can be 165

identified by an associated set of tokens. We mea- 166

sure the extent of A and B presented in a model 167

for an input prompt x ∈ D based on its prediction 168

output. We define the disparity score between the 169

two concepts for an input x as: 170

sx = Px(A)− Px(B) 171

where Px(A) is the probability of predicting con- 172

cept A in the last token position output of x, ag- 173

gregated over tokens for A. The disparity score 174
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indicates how likely an input would trigger the175

model to predict one concept over another in the176

next token prediction.177

Let f denote a function that maps each prompt178

x ∈ D to a partition as follows:179

f(x) =


DA if sx > δ

DB if sx < −δ

Do otherwise (|sx| ≤ δ)

180

where δ is a score threshold that determines which181

concept the input is more likely associated with.182

Partition Do represents neutral prompts that do not183

strongly relate to either concept.184

In contrast to MD, which computes the activation185

mean difference between DA and DB , we incor-186

porate neutral prompts with probability weighting187

to filter out any signals unrelated to the target con-188

cepts. This allows the vector to capture a more189

generalized representation of A and B, which can190

be applied to inputs from other distributions. Sup-191

pose the average activation of neutral inputs Do is192

h̄
(l)
o . For each layer l ∈ L, a candidate vector is193

computed as the weighted mean activation differ-194

ence with respect to the neutral representations:195

v(l) = v̂
(l)
A − v̂

(l)
B (1)196

where v
(l)
A =

∑
x∈DA

sx(h
(l)
x − h̄

(l)
o )∑

x∈DA
sx

(2)197

We denote h
(l)
x as the activation of input x in the198

last token position at layer l. The original input199

activations are position vectors measured from the200

origin of the latent space. However, this origin may201

differ from where the actual neutral position lies.202

To resolve this, we first offset each input activation203

h
(l)
x by the average neutral activations h̄

(l)
o . We204

then compute the aggregated vector representations205

for each concept by weighting the adjusted input206

activations by their corresponding disparity scores.207

The resulting candidate vector, v(l), is simply the208

unit vector representation difference between A209

and B.210

3.2 Selecting a Steering Vector211

We assume that the ideal vector would reflect the212

desired concept signal in both its direction and mag-213

nitude. It should be able to distinguish the concept214

that is more relevant to an input and to what extent.215

Under this assumption, we can evaluate the vectors216

similarly to a linear classifier. We compute a score217

using the projection measured on the candidate vec- 218

tor to classify each input. Given a separate set of 219

prompts, D′, drawn from the same distribution as 220

D. We assess the linear separability of each candi- 221

date vector v ∈ {v(l)}l∈L by the root mean square 222

error (RMSE) as: 223

RMSEv =

√
1

|D′|
∑
x∈D′

Isign(∥projvx∥ ≠ sx) s2x 224

where projvx is the vector projection of latent state 225

activations h
(l)
x on vector v given input x. The 226

indicator function Isign(·) returns 0 if the scalar 227

projection and disparity score of an input have the 228

same sign, and 1 if they have different signs. A 229

vector v perfectly differentiates the concepts in 230

direction when RMSEv = 0. 231

To evaluate how well a candidate vector captures 232

the desired property, we compute the Pearson cor- 233

relation between the scalar projection ∥projvx∥ 234

and the disparity score sx for each x ∈ D′. We 235

filter the last 5% layers close to the output (Arditi 236

et al., 2024) and select the final steering vector at 237

the layer with the lowest RMSE score. 238

3.3 Experimental Setup 239

We test whether our method can find a steering vec- 240

tor that represents the concept of gender encoded 241

in a model and is more effective than the prevail- 242

ing method, difference-in-means (MD), in captur- 243

ing this concept. We assume that gender is repre- 244

sented linearly along the dimension of feminine— 245

masculine concepts, where we consider femaleness 246

as concept A and maleness as B in our setup. 247

Dataset. The gendered language dataset consists 248

of sentences generated by ChatGPT with gender- 249

coded lexicons (Soundararajan et al., 2023), in- 250

cluding adjectives that reflect stereotypical traits or 251

characteristics of a certain gender (Gaucher et al., 252

2011; Cryan et al., 2020). Each sentence is labeled 253

with the gender described and whether it is consis- 254

tent or contradictory to the gender stereotypes. As 255

most sentences contain gender-definitional terms, 256

we replace them with their neutral terms for half of 257

the dataset. These sentences can help test the sensi- 258

tivity of vectors to more neutral inputs that may or 259

may not encode gender information. We split the 260

dataset into a training set for vector extraction and 261

a validation set for evaluating the vectors. 262

Models. We conduct the experiments with sev- 263

eral popular open-source chat models (QWEN- 264
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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-265

tion models (LLAMA-3.1-8B, GRANITE-3.1-266

8B, MINISTRAL-8B, MISTRAL-NEMO-12B, and267

OLMO-2-7B). Appendix B provides information268

about the references and model cards.269

Our prompts ask the model to respond with the270

gender indicated in the given sentence followed by271

a sentence from the dataset. Since some models272

do not directly respond with a gender-related to-273

ken, we add an output prefix to guide the model274

to produce more relevant outputs in the next token275

prediction. For each gender concept, we randomly276

sample 800 prompts that satisfy the requirements277

of Equation 1 for extracting the candidate vectors.278

The number of neutral prompts varies by model,279

but we subsample them if the size is larger than ei-280

ther the set of female or male prompts. The default281

score threshold δ is set to 0.05, but we compare282

results using different δ in Section 5.2. Appendix A283

provides more details, including the list of gender284

tokens used for computing the disparity scores.285

3.4 Results286

We evaluate the quality of candidate vectors287

extracted using our proposed method with the288

weighted mean difference (WMD) and prior ap-289

proach difference-in-means (MD).290

Figure 1 shows the candidate vector performance291

on the validation set across all model layers, mea-292

sured by RMSE and the projection correlation.293

Across all eight models we tested, both methods294

show a higher correlation between the vector pro-295

jections and disparity scores and a lower RMSE296

score as the layer number increases. This suggests297

that the gender representations are generalized in298

later model layers. This aligns with previous find-299

ings that high-level concepts tend to emerge in300

middle to later layers (Zou et al., 2023; Rimsky301

et al., 2024). Results for other models are provided302

in Appendix C.1.303
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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 304

show a strong correlation with the disparity scores 305

in model outputs and a high linear separability be- 306

tween the concepts of femaleness and maleness. 307

We find that WMD maintains a consistently higher 308

correlation than MD across six of the models while 309

showing a similar correlation for the other two mod- 310

els. The two methods show the largest performance 311

gap for QWEN-7B model where the projection cor- 312

relation of WMD is around 0.28% higher than the 313

optimal layer of MD (Table 1). While both meth- 314

ods can identify layers with a low RMSE ≈ 0, the 315

scores for WMD remain consistently lower than 316

MD at layers with the highest correlation. 317

Figure 2 compares the disparity scores and scalar 318

projections measured for each input prompt with 319

the steering vector selected at the optimal layer. 320

Ideally, the projections should align closely with 321

the green dashed line in the figure, reflecting a pos- 322
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itive correlation with the disparity scores measured323

in model outputs. Our proposed method WMD324

yields a better correlation with the disparity scores,325

where inputs with a higher disparity show a larger326

projection value, as measured by the selected steer-327

ing vector. It also reflects the degree of disparities328

more equally in both female and male directions.329

While MD does capture the gender representations330

to some extent, it poorly reflects with inputs more331

associated with the male concept where sx < 0,332

as shown in Figure 2b for QWEN-7B model. For333

some of these inputs, the projections on the steer-334

ing vector indicate a higher degree of female signal.335

This imbalance in generalization may impact their336

steering performance, which we demonstrate this337

results in the next section.338

4 Applying Steering Vectors339

Previous works mostly consider contexts in which340

the model only needs to be steered in a particular341

direction or assume that the target directions are342

known in advance. However, in contexts such as343

bias mitigation, we need to apply steering based344

on the type of input, which may be unknown at345

deployment. We describe our method for applying346

the steering vector and demonstrate its efficacy in347

mitigating bias.348

4.1 Intervention Method349

Since a model can exhibit varied degrees of bias350

to different inputs, applying the steering vector351

with activation addition uniformly may result in352

over-correction or insufficient mitigation. To ob-353

tain more precise control, we improve upon prior354

approaches by applying the steering vector scaled355

by the latent projection for each input x:356

h′
x = hx + λ · projvx357

where λ is the steering coefficient. We apply this358

operation across all token positions of x but at only359

the layer from which v was extracted. The model360

becomes more biased to A when λ > 0 and to B361

when λ < 0.362

To mitigate bias, we can simply set the steering363

coefficient λ to −1, which steers the latent state of364

an input by the extent of bias reflected in the projec-365

tion. This formulation is similar to the directional366

ablation approach proposed by Arditi et al. (2024),367

which also considers vector projections. However,368

they show that this approach, using steering vectors369

computed by MD, can only be used for removing370

a single concept (in one direction) and requires in- 371

terventions across all model layers. In contrast, our 372

aim is not to erase concepts but to steer a model 373

such that it cannot distinguish the concepts from 374

the input’s latent states. 375

4.2 Steering for Bias Mitigation 376

We evaluate the effectiveness of steering vectors 377

selected using the method described in Section 3.4 378

in mitigating gender bias. We apply the steering 379

vectors with our proposed projection-based debi- 380

asing method and measure the bias score on the 381

validation set, computed as the root mean square 382

(RMS) of disparity score sx. 383

Table 1 reports the bias scores before and after 384

debiasing for each model. After applying the inter- 385

vention, it shows a significant reduction in the bias 386

score for all models. The intervention is particu- 387

larly effective for MINISTRAL-8B and MISTRAL- 388

NEMO-12B instruction models with bias scores 389

reduced to nearly zero. In addition, the results sug- 390

gest that the projection and bias score correlation r 391

is a good indicator of the intervention performance. 392

Models with a higher value of r show a greater 393

decrease in the bias score after intervention. 394

To analyze the impact of intervention on differ- 395

ent inputs, we compare the bias score difference 396

and the scalar projection of each input, as shown in 397

Figure 3. We apply the same intervention method 398

for both steering vectors computed by MD and 399

WMD. The projections of all data points are mea- 400

sured on the baseline model with no intervention. 401

The second and fourth columns are simply the dif- 402

ference computed from the figure on their left and 403

colored by the input’s baseline bias direction. De- 404

biasing with WMD’s steering vectors works as in- 405

tended where more biased inputs show a larger 406

difference in their bias scores after debiasing while 407

less biased inputs are less affected. However, the in- 408

puts tend to be over- or under-corrected in their bias 409

scores when using steering vectors computed by 410

MD. As our intervention approach depends on the 411

projection of each input, the mitigation becomes 412

less effective when the steering vector fails to sepa- 413

rate the bias direction or does not reflect well with 414

model bias. 415

4.3 Steering Transferability 416

We evaluate the robustness of steering vectors com- 417

puted using our method by testing whether a steer- 418

ing vector extracted using one dataset transfers ef- 419

fectively to other tasks. 420
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Baseline MD WMD
Modal Interval

Model Bias Layer r Bias Layer r Bias

LLAMA-2-13B 0.49 29 0.81 0.28 37 0.85 0.16 [−0.33, 0.18]
LLAMA-3.1-8B 0.65 26 0.84 0.60 25 0.98 0.32 [−0.23, 0.15]
MINISTRAL-8B 0.50 30 0.95 0.05 27 0.95 0.07 [−0.10, 0.12]
MISTRAL-NEMO-12B 0.65 35 0.89 0.08 37 0.98 0.02 [−0.32, 0.00]
QWEN-1.8B 0.53 19 0.88 0.14 19 0.88 0.14 [−0.95, 0.99]
QWEN-7B 0.51 26 0.69 0.32 29 0.88 0.12 [−0.27, 0.22]
GRANITE-3.1-8B 0.63 37 0.96 0.27 37 0.97 0.24 [−0.05, 0.05]
OLMO-2-7B 0.63 29 0.88 0.47 27 0.90 0.37 [−0.44, 0.16]

Table 1: Debiasing performance and projection correlation r 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 sx 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 Tasks421

We consider two gender bias tasks:422

Winogenerated (Perez et al., 2023) is a human423

validated version of the Winogender pronoun reso-424

lution task (Rudinger et al., 2018) that is 50 times425

larger than the original datset. The model is in-426

quired to fill in the missing blank with a pronoun427

for a given sentence (e.g., “The surgeon assured428

the patient that __ would do the best possible job.”).429

The response can be either a male, female, or430

gender-neutral pronoun. We report the bias score431

by the prediction probability difference between432

the female and male pronouns after normalizing433

the probabilities over all three pronoun options.434

Occupational Stereotypes. We construct a435

question-answering style task that asks the model,436

What does [NAME] work as at the [INDUS-437

TRY/WORKPLACE]?. We use terms from nine438

different industries (e.g., technology, healthcare)439

and 100 first names commonly associated with each440

female, male, and gender-neutral group. We mea-441

sure the frequency of job titles mentioned in the442

model’s generated response for each group under443

the model’s default temperature setting. Note that 444

the prompts do not contain any explicit gendered 445

words except for names that may encode gender 446

information. 447

Appendix D provides further details on the con- 448

struction of both tasks. 449

4.3.2 Results 450

We apply the same debiasing approach described in 451

Section 4.1 using steering vectors computed by our 452

method with the gendered language dataset. Fig- 453

ure 4 shows the results of the Winogenerated task 454

for QWEN-1.8B, comparing bias scores of each 455

input before and after intervention. Despite using 456

the gendered language dataset to extract the steer- 457

ing vector, the steering vector is still able to reflect 458

bias in model outputs, with a correlation of 0.82 be- 459

tween the projections and bias scores. However, we 460

find that the input projections do not align well with 461

the bias score direction. As shown in the top left 462

of Figure 4, most inputs have a projection above 0, 463

indicating a higher degree of female signal than the 464

actual bias score. This leads to under-correction 465

for the originally male-biased inputs. This result 466
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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 underlying467

distribution between this dataset and the one we468

used for computing the vector. We tried using a469

higher magnitude of λ to −1.5 (top right in Fig-470

ure 4). This increases the impact of the steering,471

but neither reduces the bias nor resolves the issue472

of the misalignment.473

To resolve the misalignment, we readjust the474

input activations by offsetting them with the acti-475

vation mean of 1
3 of the Winogenerated examples476

at the last token position. We find that this ap-477

proach improves the efficacy of debiasing. In the478

bottom left of Figure 4, we apply the offset with a479

value of λ = −1.5, which leads to a higher number480

of inputs with bias scores that are closer to zero.481

Moreover, setting the value of λ = −2 results in a482

mirrored image of the original data points (bottom483

right of Figure 4). This suggests that the model484

is steered towards the direction as intended where485

the biased inputs are moved towards the opposite486

gender direction.487

In Figure 5, we assess the projection of each488

prompt using QWEN-1.8B for five industries in the489

occupational stereotypes task. Despite the lack of490

explicit gender wording in prompts, the projections491

measured indicate that the model can still infer492

gender signals from the input. The projections also493

correspond to the gender associated with the names494

provided in the prompts. Masculine names show495

higher negative projection values, while feminine496

−10 0 10 20

technology

healthcare

sales

entertainment

industrial
Gender

F

M

N

Projection

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- 497

neutral names tend to have the lowest magnitude 498

of projections. 499

We analyze the frequency of job titles predicted 500

for feminine and masculine names, comparing their 501

frequency differences before and after debiasing 502

with steering vectors. Similar to the Winogenerated 503

task, we also apply an offset to counteract potential 504

distribution shifts. Figure 6 displays the predicted 505

job titles in the technology and healthcare sectors 506

with the most gender disparities. Prior to interven- 507

tion, the model exhibits the largest discrepancies in 508

predicting “software engineer” and “product man- 509

ager” in technology and “nurse” and “doctor” in 510

healthcare. After debiasing, there is a noticeable 511

decrease in the frequency gap for most of the top 512

predicted job titles. It also increases the relative 513

prediction frequency of more neutral titles, such as 514

"healthcare professional," for masculine names. 515

5 Analysis 516

This section analyzes the impact of disparity score 517

distribution and the choice of score threshold λ on 518

the resulting steering vectors’ quality and interven- 519

tion performance. 520

5.1 Impact of Disparity Score Distribution 521

We analyze how the disparity scores of the training 522

set for extracting vectors may impact the quality 523

and intervention performance of steering vectors. 524

Figure 7 (and Figure 11 in Appendix C.3) shows 525

the disparity score probability distribution over the 526

entire training set for each model. Most models 527

exhibit a similar tri-modal distribution pattern with 528

three distinct peaks located around -1, 0, and 1, ex- 529

cept for QWEN-1.8B which shows a unimodal dis- 530

tribution (see Figure 11). This demonstrates these 531
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Figure 6: Difference in job title prediction frequency
when prompted with feminine names compared to mas-
culine names. The color represents the difference before
and after debiasing on QWEN-1.8B. The y-axis shows
the top 10 titles with the largest prediction gap.
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Figure 7: Probability distribution of disparity scores
over the entire training set from which the prompts used
for extracting vectors are sampled.

models’ ability and tendency for “gendering” texts532

into female and male categories. We compute the533

mode intervals of the distribution using the Skinny-534

Dip algorithm (Maurus and Plant, 2016), based on535

the dip test of unimodality (Hartigan and Hartigan,536

1985), as shown by the shaded areas in Figure 7.537

Our results suggest that models with a wider center538

modal interval, like LLAMA-3.1-8B and OLMO-539

2-7B, show less effective debiasing performance540

with steering (Table 1). Furthermore, we find that541

models with less prominent peaks in their distri-542

bution, such as LLAMA-2-13B and QWEN in Fig-543

ure 11, also show a lower projection correlation in544

their steering vectors.545

0 0.2 0.4 0.6

Granite-3.1-8B

Llama-2-13B

Llama-3.1-8B

Ministral-8B

Mistral-Nemo-12B

OLMo-2-7B

Qwen-1.8B

Qwen-7B MD
WMD

Bias (RMS)

Figure 8: Bias scores after intervention using steering
vectors computed by eight different threshold scores for
constructing the training set, where δ = [0.01, 0.3].

5.2 Varying Disparity Score Threshold 546

Results shown in both Section 3.4 and Section 4.2 547

are based on the same score threshold δ of 0.05. We 548

test the robustness of both vector extraction meth- 549

ods under different threshold values and measure 550

their resulting steering vector’s debiasing perfor- 551

mance on the same validation set. We use eight 552

different values of δ from 0.01 to 0.3 with increas- 553

ing increments. Figure 8 shows the range of RMS 554

bias scores after debiasing under different δ across 555

all eight models. achieves comparable debiasing 556

effects across all models, with a difference of less 557

than 0.05 in bias scores for the same model. MD 558

exhibits the largest discrepancy in bias scores for 559

the LLAMA-3.1-8B model, with a difference of 560

0.1. While MD does not show a significant change 561

in bias scores for most models, the bias scores con- 562

sistently remain higher than those of WMD after 563

debiasing. 564

6 Conclusion 565

This paper introduces a new method for computing 566

steering vectors to control model outputs related 567

to a specific concept. We demonstrate its effec- 568

tiveness in finding gender steering vectors that ex- 569

hibit a stronger correlation with the gender concept 570

compared to the widely-used method. Further, we 571

present a technique for applying this steering vec- 572

tor to reduce gender bias in model prediction. Our 573

results show that it significantly decreases bias for 574

the in-distribution task and shows promising results 575

when transferred to different contexts. 576

Limitations 577

Our work studies gender representations in LLMs, 578

specifically through the feminine—masculine spec- 579

trum. We acknowledge the limited scope of our 580

approach, as it examines gender through a single 581

8



dimension, which oversimplifies the complex, mul-582

tifaceted nature of gender identity and expression.583

Moreover, our emphasis on the binary spectrum584

fails to account for non-binary and fluid gender585

identities. Another critical limitation relates to the586

phenomenon of fairness gerrymandering (Kearns587

et al., 2018), which suggests models may appear to588

be fair along individual demographic dimensions589

while exhibiting biases against intersectional sub-590

groups. Our one-dimensional approach may mask591

disparities affecting the intersection of multiple de-592

mographic dimensions. While our initial results on593

the transferability of steering vectors are promis-594

ing, they require further rigorous testing. Future595

research should expand the scope of evaluation to596

a broader range of tasks and adopt a more compre-597

hensive approach that considers the intersectional-598

ity of gender with other social identities.599
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A Dataset 795

We split the dataset in half into training and validation sets. For each gender concept, we sample 800 796

each for extracting the candidate vectors. The number of neutral prompts varies by model. We randomly 797

sample 1600 prompts from the validation split for evaluation. 798

A.1 Target Gender Tokens 799

We construct the target gender tokens based on the following while including tokens of their uppercase 800

and ones added with a prefix space (e.g., “ she”): 801

• Female tokens: female, females, feminine, she, her, hers, woman, women, girl, girls, ♀ 802

• Male tokens: male, males, masculine, he, his, him, man, men, boy, boys, ♂ 803

A.2 Prompt Instructions 804

Train set [instruction | output prefix] 805
What is the gender mentioned in the following? | The gender mentioned is 806
Determine the gender identity described in the following sentence. | The gender identity described in the sentence is 807
Identify the gender described in the following. | The gender described is 808
Output the gender suggested in the following. | The gender suggested is 809
Output the gender identity indicated in the sentence. | The gender identity indicated in the sentence is 810
Output the gender encoded in the text. | The gender encoded in the text is 811
Respond with the embedded gender in the text that follows. | The gender embedded in the text is 812
Reply with the gender denoted by the text as follows. | The gender denoted by the text is 813
Answer with the gender depicted in the sentence. | The gender depicted in the sentence is 814
Return the gender specified in the text. | The gender specified in the text is 815
Return the embedded gender in the text that follows. | The embedded gender in the text is 816
Provide the gender implied in the following text. | The gender implied in the text is 817
Provide the gender reflected in the following sentence. | The gender reflected in the sentence is 818
State the gender identity inferred from the sentence. | The gender identity inferred from the sentence is 819
State the gender implied in the text. | The gender implied in the text is 820
Specify the gender suggested in the text. | The gender suggested in the text is 821
Reveal the gender inferred in the text. | The gender inferred in the text is 822
From the following sentence, indicate the gender identity. | The gender identity in the sentence is 823
Based on the following details, reply with the gender implied. | The gender implied is 824
Based on the information provided, state the associated gender identity. | The gender identity in the provided information is 825

826
Validation set [instruction | output prefix] 827
Determine the gender entailed in the text. | The gender entailed in the text is 828
Determine the gender identity suggested in the sentence. | The gender identity suggested in the sentence is 829
Identify the gender indicated in the statement. | The gender indicated in the statement is 830
Output the gender suggested in the sentence. | The gender suggested in the sentence is 831
Output the gender inferred in the text. | The gender inferred in the text is 832
Respond with the gender specified in the text that follows. | The gender specified in the text is 833
Answer with the gender denoted below. | The gender denoted is 834
Return the gender portrayed in the sentence. | The gender portrayed in the sentence is 835
Provide the gender described in the following text. | The gender described in the text is 836
State the gender denoted in the text. | The gender denoted in the text is 837
Reply with the gender mentioned in the text. | The gender mentioned in the text is 838
From the following sentence, indicate the gender identity. | The gender identity described in the sentence is 839
Based on the following, respond with the associated gender. | The gender associated with the text is 840
Based on the given information, output the gender depicted. | The gender depicted in the given information is 841

B Models 842

C Additional Results 843

C.1 Candidate Vector Performance 844

C.2 Steering for Bias Mitigation 845

C.3 Disparity Score Distribution 846
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Model Reference Model Card

QWEN-1.8B
Bai et al. (2023)

Qwen/Qwen-1_8B-Chat
QWEN-7B Qwen/Qwen-7B-Chat

LLAMA2-13B 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 AI team (2024b) mistralai/Ministral-8B-Instruct-2410
MISTRAL-NEMO-12B Mistral AI team (2024a) mistralai/Mistral-Nemo-Instruct-2407

OLMO2-7B 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).

−40 −20 0 20 40

−1

−0.5

0

0.5

1

before

after

Llama-2-13B-Chat

Projection

D
is

p
a
r
it
y
 S

c
o
r
e

−5 0

−1

−0.5

0

0.5

1

before

after

Ministral-8B-Instruct

Projection

D
is

p
a
r
it
y
 S

c
o
r
e

−50 0 50

−1

−0.5

0

0.5

1

before

after

Granite-3.1-8B-Instruct

Projection

D
is

p
a
r
it
y
 S

c
o
r
e

−20 0 20

−1

−0.5

0

0.5

1

before

after

Qwen-1.8B-Chat

Projection

D
is

p
a
r
it
y
 S

c
o
r
e

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 847

D.1 Task Construction 848

D.1.1 Winogenerated 849

Instruction : Please fill in the missing blank in this sentence with a pronoun, either [PRONOUN1],
[PRONOUN2], or [PRONOUN3]: [SENTENCE]
Response : [SENTENCE] (first half of the sentence before the missing blank)

850

851

D.1.2 Occupational Stereotypes 852

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

853

854

Term replacements for [INDUSTRY/WORKPLACE], categorized by the industry: 855

1. Technology: tech industry, technology sector, information technology industry, IT industry 856

2. Legal: legal industry, law sector, legal service industry 857

3. Healthcare: hospital, healthcare industry, pharmaceutical industry 858

4. Public: government sector, public sector, state government, public services industry 859

5. Education: education industry, educational services sector, education sector 860

6. Sales: retail industry, marketing industry, sales industry, commercial industry 861

7. Finance: financial sector, finance industry, business sector, financial services industry 862

8. Entertainment: media industry, media sector, entertainment industry 863

9. Industrial: manufacturing industry, industrial sector, transportation industry 864

D.2 Additional Results on Steering Transferability 865
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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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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
top 12 titles with the largest prediction gap.
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